
Localization and Mapping through

Multi-Sensor Fusion for Pipe Inspection:

From Theory To Deployment

Tina Tian

CMU-RI-TR-25-17

May 6, 2025

The Robotics Institute
School of Computer Science
Carnegie Mellon University

Pittsburgh, PA

Thesis Committee:
Dr. Howie Choset, chair

Dr. George Kantor
Chao Cao

Submitted in partial fulfillment of the requirements
for the degree of Master of Science in Robotics.

Copyright © 2025 Tina Tian. All rights reserved.





To the wonderful world and beautiful people.



iv



Abstract

Pipelines are critical infrastructure for transporting a variety of materials,
such as natural gas and stormwater. However, much of this infrastruc-
ture is aging, poorly documented, and difficult to inspect, particularly
pipelines that are small in diameter or buried underground. Inadequate
monitoring can lead to failures with serious consequences, including service
disruptions, environmental damage, and public safety risks. This thesis
investigates how accurate localization and mapping can be achieved inside
space-constrained, long pipelines through multi-sensor fusion, advancing
both algorithmic methods and practical deployment strategies. It intro-
duces VILL-SLAM, a system and method that combines a monocular
camera, inertial measurement unit (IMU), ring-shaped laser profilometer,
and LiDAR to enable real-time localization and dense RGB-D mapping
with sub-millimeter reconstruction accuracy and less than 1% drift in 12-
inch pipes. This approach was validated through real-world deployments
in underground pipes, demonstrating its practical effectiveness. Recogniz-
ing the importance of real-world readiness, the thesis also introduces a
systems engineering methodology, Design for Deployment (D4D), which
emphasizes formal operational modeling, early user engagement, and it-
erative development through field trials. Together, these contributions
offer a comprehensive, field-validated framework for in-pipe robotic inspec-
tion, advancing confined-space localization and mapping, and providing a
blueprint for translating robotics research into deployable solutions for
the infrastructure maintenance industry.
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Chapter 1

Introduction

Pipelines are a critical part of modern infrastructure, transporting essential resources

and waste across cities and regions. However, much of this infrastructure is aging

and ill-equipped to meet the demands of the future. Many pipelines in use today

were installed over a century ago and are increasingly prone to failure due to material

degradation, deformation, corrosion, and insufficient capacity. These failures can have

severe consequences, ranging from service disruptions to environmental damage and

public safety hazards (Fig. 1.1).

Figure 1.1: Examples of pipe failures. (a) Natural gas pipeline explosion in San Bruno,
California, in 2010, resulting in eight fatalities [1]. (b) Severely deformed stormwater
pipe still in service [2]. (c) Failure of a duct bank (a group of underground electrical
conduits) [3].

In the case of natural gas pipelines, aging components pose serious risks. According

to the Pipeline and Hazardous Materials Safety Administration (PHMSA), over 13,000

significant gas pipeline incidents have been reported in the United States over the
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1. Introduction

past two decades, resulting in more than $11 billion in damages and numerous injuries

and fatalities [16]. Stormwater systems face similar challenges. As climate change

intensifies, storm and flood incidents in the U.S. are increasing by approximately

5% annually [17]. Inadequate and aging stormwater infrastructure contributes to an

estimated $70 billion in damage annually, part of a broader cost of $180–496 billion

attributed to flooding [18]. Electrical conduits are also under strain, with rising

energy demands driven by data centers and artificial intelligence causing electricity

consumption to double every four years [19]. Many of these underground conduits

are crushed, deformed, or otherwise compromised, yet remain in active use.

Despite the clear need to maintain and upgrade pipeline systems, asset owners often

lack basic information about pipe condition. Many pipelines are poorly documented,

with records maintained only on outdated paper blueprints that may not reflect

current ground truth. As a result, asset managers frequently do not know where

pipelines are located, what condition they are in, or how close they are to failure.

This hinders proactive maintenance, risk assessment, and system upgrades.

Figure 1.2: Pipe inspection tools. (a) Pipe inspection gauges (PIGs) [4]. (b) Snake
cameras [5]. (c) CCTV crawlers [6].

Current inspection technologies (Fig. 1.2) are insufficient to meet these chal-

lenges. Common in-pipe inspection tools include pipeline inspection gauges (PIGs),

borescopes (snake cameras), and closed-circuit television (CCTV) crawlers. PIGs [4],

driven by internal pipeline flow, are effective for nondestructive evaluation tasks in

large, pressurized pipes but are unsuitable for pipelines with significant deformation,

blockages, or absent flow conditions. Snake cameras [5] are compact and inexpensive

but rely entirely on manual operation, making them difficult to maneuver through

complex pipelines, and they provide only 2D video without spatial localization or
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1. Introduction

3D reconstruction. CCTV crawlers [6, 20, 21], by contrast, assist navigation through

robotic mobility and thus reduce manual intervention; however, they remain bulkier

than snake cameras, restricting their use in small-diameter pipes, and they too depend

largely on 2D imaging with limited spatial information.

A major shortcoming of existing in-pipe inspection methods is their inability

to support reliable condition assessment and system performance analysis. Due to

the lack of spatially accurate 3D representations, users face significant challenges

in detecting geometric anomalies, quantifying defect dimensions, and conducting

effective quality assurance and control (QA/QC). This limitation also hampers broader

analysis of pipeline system performance. Moreover, the lack of accurate onboard

localization necessitates additional manual processes, such as the deployment of

sonde beacons [22] or ground-penetrating radar (GPR), to determine the locations of

observed features. This reliance on external localization not only complicates field

operations but also increases the cost and effort required to accurately document and

remediate defects within the pipeline network.

To address these limitations, robotics-aided inspection systems using multi-sensor

fusion and Simultaneous Localization and Mapping (SLAM) techniques offer a promis-

ing direction. By automatically localizing within the pipe and reconstructing dense

spatial information, such systems have the potential to generate the visual, 3D, and

geospatial data needed for detailed condition monitoring, defect quantification, and

system-level assessment. However, applying SLAM in pipeline environments intro-

duces unique challenges. Unlike structured indoor and open outdoor environments,

which have been the primary focus of most SLAM methods, pipelines often have

smooth, cylindrical surfaces with few distinctive geometric features, combined with

extreme scale constraints and limited sensing fields of view, all of which limit the

effectiveness of conventional SLAM hardware and algorithms.

This thesis presents a novel approach to in-pipe SLAM that addresses the chal-

lenges of confined, GPS-denied environments through sensor fusion and tailored

algorithmic frameworks. Specifically, it introduces VILL-SLAM [23], which in-

tegrates a monocular camera (V), inertial measurement unit (I), structured-light

laser profilometer (L), and LiDAR (L) into a compact sensor payload. By fusing

complementary visual and depth measurements and leveraging the known structural

characteristics of pipes as geometric constraints, VILL-SLAM resolves metric scale
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1. Introduction

ambiguity, significantly reduces global drift, and achieves localization error below

1%. Furthermore, it enables photorealistic 3D reconstructions of pipe interiors with

sub-millimeter accuracy, supporting high-fidelity inspection and analysis.

Custom robotic systems running these localization and mapping approaches have

been deployed in real-world pipeline inspections across gas and stormwater domains.

These deployments revealed a gap between laboratory research and field-readiness,

especially in under-explored environments such as underground pipes. To address

this gap, the thesis introduces a Design for Deployment (D4D) framework—a

systems engineering approach for bridging the gap between prototype development

and real-world use, informed by two field deployment case studies.

In summary, this thesis presents a comprehensive investigation into the design and

implementation of in-pipe localization and mapping methods, and the deployment of

robotic in-pipe inspection systems. The remaining chapters are organized as follows:

• Chapter 2 reviews the fundamentals of SLAM and state estimation, examines

related work in in-pipe robotic sensing and SLAM, and outlines the unique

challenges of pipeline environments.

• Chapter 3 details the VILL-SLAM system and its evaluation in large-diameter

pipes (12 inches and above), including real-world deployment results.

• Chapter 4 presents the Design for Deployment (D4D) framework and illustrates

its application through retrospective case studies of robotic system deployment

in challenging field environments.

• Chapter 5 summarizes the key findings, discusses the implications for future

research, and outlines potential directions for advancing robust, field-ready

in-pipe inspection systems.
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Chapter 2

Background and Related Work

2.1 State Estimation and SLAM Preliminaries

Robotic navigation in unknown environments relies heavily on state estimation, which

is the foundation for both odometry and SLAM. State estimation involves determining

a set of latent variables x, typically including the robot’s trajectory and, in the case

of SLAM, also the positions of observed landmarks, given a sequence of noisy sensor

measurements z1:k and control inputs u1:k.

The problem can be formulated as a Maximum A Posteriori (MAP) estimation:

finding the most probable state trajectory given the available data:

x∗ = argmax
x

p(x | z1:k,u1:k), (2.1)

where x denotes the entire sequence of states from time 1 to time k, and, in the case

of SLAM, also includes the estimated landmark positions.

Using Bayes’ theorem, this posterior can be rewritten as:

p(x | z1:k,u1:k) ∝ p(z1:k | x)p(x | u1:k), (2.2)

where p(z1:k | x) is the likelihood of observing the measurements given the states,

and p(x | u1:k) captures the motion model and any prior knowledge over the state

evolution.
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2. Background and Related Work

The distinction between odometry and SLAM lies in how the state is defined:

• In odometry, the state typically includes only the robot’s pose over time, while

mapping is handled separately.

• In SLAM, the state vector is augmented to also include the positions of land-

marks observed in the environment:

x = {xrobot, l1, l2, . . . , lM}, (2.3)

where li denotes the position of the i-th landmark. This joint estimation allows

SLAM systems to enforce consistency between robot motion and environmental

observations.

This formulation provides the foundation for both filtering-based and optimization-

based approaches to state estimation, classified according to the structure of the

inference process, as discussed next.

2.1.1 Filtering-Based Approaches

Filtering approaches estimate the current state sequentially by maintaining a belief

p(xk | z1:k,u1:k), updated with new measurements.

Kalman Filter (KF)

The KF [24] assumes linear system dynamics and Gaussian noise, with the state xk

evolving as:

xk = Fxk−1 +Buk +wk, zk = Hxk + vk, (2.4)

where F is the state transition matrix, B is the control input matrix, H is the

observation matrix, uk is the control input, and wk ∼ N (0,Q) and vk ∼ N (0,R) are

process and measurement noise. Also denote the state estimation covariance as Pk.

The KF recursively updates the state estimate through:

1. Prediction Step:

x̂−
k = Fx̂k−1 +Buk (2.5)

P−
k = FPk−1F

⊤ +Q (2.6)
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2. Background and Related Work

2. Update Step:

Kk = P−
k H

⊤ (
HP−

k H
⊤ +R

)−1
(2.7)

x̂k = x̂−
k +Kk

(
zk −Hx̂−

k

)
(2.8)

Pk = (I−KkH) P−
k (2.9)

Extended Kalman Filter (EKF)

For nonlinear systems, the EKF [25] extends the KF by linearizing around the current

estimate using a first-order Taylor expansion, but can diverge in highly nonlinear

scenarios. This limitation is addressed in the Unscented Kalman Filter (UKF) [26],

which avoids direct linearization by approximating the distribution of states with

a set of carefully chosen samples called sigma points. These points are propagated

through the nonlinear dynamics, capturing the mean and covariance more accurately

without requiring explicit Jacobians.

2.1.2 Optimization-Based Approaches

Unlike filtering-based methods, which estimate the state sequentially, optimization-

based approaches solve for the entire sequence of states by considering all available

measurements together, either as a full batch or within a sliding window.

Taking the negative logarithm and expanding the terms according to (2.2) trans-

form the optimization problem in (2.1) into an equivalent minimization problem:

x∗ = argmin
x

[− log p(x | z1:k,u1:k)]

= argmin
x

[
− log p(x | u1:k)−

K∑
k=1

log p(zk | xk)

]
(2.10)

Each likelihood term log p(zk | xk) can be interpreted as enforcing a constraint be-

tween the estimated state and the observed data. Under Gaussian noise assumptions,

minimizing the negative log-likelihood leads to a nonlinear least-squares formula-

tion [27]:

x∗ = argmin
x

∑
i

∥ei(x)∥2Σi
, (2.11)
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2. Background and Related Work

where ei(x) is the residual associated with the i-th measurement or constraint,

depending on the current state estimate, and Σi is the covariance matrix capturing

the uncertainty of the corresponding measurement.

In multi-sensor SLAM, each sensor modality (e.g., IMU, LiDAR, camera) con-

tributes different residuals based on its observations, and the overall optimization

problem integrates all these constraints into a unified cost function.

2.1.3 Factor Graphs and Solvers

The optimization-based SLAM problem, formulated as minimizing the sum of squared

residuals, can also be structured as a factor graph [28]. Factor graphs represent

the SLAM problem as a bipartite graph, where variable nodes (e.g., robot poses,

landmarks) are connected to factor nodes (e.g., odometry, sensor measurements)

that encode probabilistic constraints between variables. A common special case is

the pose graph, where only robot poses are estimated, and factors represent relative

pose constraints — such as those from odometry or loop closures [29]. Pose graph

optimization (PGO) is especially useful for trajectory refinement.

Solvers like GTSAM [28], g2o [29], and Ceres [30] provide efficient nonlinear

optimization over these graphs, leveraging sparse matrix techniques and incremental

methods to handle large-scale SLAM problems.

2.1.4 IMU Preintegration

IMU sensors provide high-rate motion information, which is crucial for odometry in

challenging environments. The inertial state evolves according to:

ṗ = v, v̇ = R(a− ba − na), Ṙ = R⌊ω − bg − ng⌋×, (2.12)

where p ∈ R3,v ∈ R3,R ∈ SO(3) are the position, velocity, and orientation; a is the

measured linear acceleration; ω is the measured angular velocity from the gyroscope;

ba,bg are the accelerometer and gyroscope biases; and na,ng are the respective sensor

noise terms.

Direct integration of raw IMU measurements between consecutive keyframes

would require re-computation during every optimization update, leading to high
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2. Background and Related Work

computational costs. Preintegration methods [31] address this by accumulating

IMU measurements into a single preintegrated constraint that depends only on the

relative motion between frames. This enables efficient incorporation of high-rate

IMU data into optimization-based SLAM without repeated reintegration, improving

computational efficiency while maintaining accuracy.

2.1.5 SLAM in General Environments

SLAM techniques developed for general indoor and outdoor environments often serve

as a foundation for in-pipe localization and mapping. These methods vary significantly

in terms of sensor configurations and algorithmic design.

Single-sensor SLAM methods, such as ORB-SLAM2 [10], LOAM [8], and SSL-

SLAM [11], rely on visual or LiDAR inputs alone. While computationally efficient

and hardware-light, they are sensitive to perceptual aliasing, motion blur, or sparse

geometry—conditions commonly found in confined pipe environments.

Multi-sensor SLAM addresses these challenges by fusing complementary data

sources. Combining visual or LiDAR odometry with inertial measurements, as seen

in VINS-Fusion [7] and FAST-LIO [9], improves robustness against rapid motion and

sensor drift. RGB-D SLAM systems utilize synchronized color (RGB) and depth

(D) data to enable 3D reconstruction and metric-scale, colorized mapping [32]. More

advanced systems such as Super Odometry [33] and R3LIVE [34] further integrate

visual, inertial, and LiDAR data to maintain reliable performance under perceptual

degradation or dynamic conditions. These methods achieve higher accuracy and

resilience by leveraging the strengths of each sensing modality.

SLAM algorithms can also be categorized as either conventional or learning-

based, according to whether they rely primarily on explicit algorithmic modeling

or on data-driven learning. Conventional approaches, including the methods above,

formulate SLAM as a state estimation problem using techniques such as nonlinear

optimization or filtering. In contrast, learning-based SLAM systems employ deep

neural networks for tasks like feature tracking [35], depth prediction [36], pose

estimation [37], or loop closure [38]. Although learning-based methods show potential

in certain environments, their reliance on large training datasets make them less

attractive for applications in underexplored, data-scarce domains like pipelines.
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2. Background and Related Work

2.2 In-Pipe Robot Sensing, Localization, and

Reconstruction

A wide range of pipe inspection robots with diverse mechanisms and sensors have

been proposed. Mechanisms, which have been surveyed in [39, 40], include wheeled or

tracked vehicles, legged or inchworm robots, as well as snake, screw-driven, and parallel-

actuated platforms. These robots have been integrated with diverse sensing modalities

to support structural and environmental condition monitoring. Typical sensors include

encoders [41], ultrasonic transducers [42], electromagnetic transducers [43], mechanical

calipers [44], acoustic [45], structured light lasers [46, 47], visual cameras [48], IMU [49],

and 3D sensors [50, 51]. These have been surveyed in [52, 53]

Although this thesis focuses on formal state estimation techniques, the vast

majority of deployed industrial in-pipe robots do not perform formal localization and

mapping. Instead, localization is often approximated through simplified assumptions.

It is common for inspection robots to assume that the pipe is linear, using encoder

odometers to track the distance traveled along the pipe [6, 54]. This technique, known

as linear referencing, associates each sensor measurement (e.g., visual frame or

laser scan) with a position on a one-dimensional path based on its timestamp [20,

21, 47]. While this method is simple and inexpensive, it fails to capture important

deviations such as curves, branches, elevation changes, and encoder drift, limiting

its accuracy in long or complex networks. Furthermore, such assumptions prevent

accurate 3D reconstruction, which is increasingly important for predictive maintenance,

deformation analysis, and robot re-navigation.

2.2.1 Challenges in Confined-Space Pipe Environments

Localization and mapping in confined spaces like underground pipes present distinct

challenges compared to conventional SLAM scenarios. These arise from the physical

constraints, limited sensing capabilities, and surface characteristics within pipes.

1. Geometric Simplicity: Pipelines typically have smooth, cylindrical geometries

with few distinctive features such as edges or planes. In perfectly cylindrical

environments, translation along the pipe axis and rotation around the pipe axis

are weakly constrained when using 3D sensing modalities like LiDAR, making

10
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geometry-based SLAM methods, such as LOAM [8] and FAST-LIO [9], less

effective.

2. Limited Visual Features: Many pipelines also lack visually distinctive

textures, presenting smooth, repetitive, or reflective surfaces that challenge

feature-based SLAM methods. Techniques such as ORB [55] and SIFT [56] often

fail to extract stable keypoints, limiting reliable visual tracking and optimization.

Although abundant texture can sometimes mitigate geometric simplicity, many

pipe environments exhibit both challenges simultaneously.

3. Scale and Accessibility Constraints: Pipes may be only a few centimeters

in diameter, severely limiting the sensor size and the available sensing field of

view. Narrow geometries constrain what can be observed at any given time,

leading to partial observations (e.g., truncated point clouds) and reduced spatial

context for accurate mapping and localization.

4. High Sensor Noise and Motion Dynamics: Pipeline robots often experience

jerky motion from friction or irregular surfaces, leading to noisy IMU data and

degraded visual tracking. In narrow pipes, even moderate speeds can cause

motion blur and parallax effects, compounding these issues.

5. Lack of Global Localization Cues: Being GPS-denied, underground pipelines

offer no external localization references. This forces reliance on relative mea-

surements, which can accumulate unbounded drift over long distances.

6. Environmental Hazards and Constraints: Blockages, water, and non-

uniform pipe structures (e.g., joints, bends, or deformations) obstruct sensors

and challenge the adaptability of SLAM systems.

7. Computational and Energy Constraints: Robots must be compact and

power-efficient, limiting onboard compute resources. Restricted processing power

and IO bandwidth constrain real-time processing and algorithm complexity.

8. Dark, Wet, and Reflective Conditions: Poorly lit pipes require onboard

lighting, which may cause inconsistent illumination in visual data. Water and

wet surfaces introduce vision distortions through refraction and reflections.

These challenges necessitate specialized sensing strategies, robust sensor fusion,

and algorithms tailored to confined, feature-sparse environments.

11
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2.2.2 In-Pipe Localization and Mapping

In contrast to industrial practices, academic research has explored more principled

approaches to in-pipe localization and mapping, as surveyed in [57]. These methods

generally fall into two categories based on whether the environment structure is esti-

mated jointly with the trajectory: SLAM-based approaches, which jointly estimate

robot trajectory and 3D environment structure, and odometry-only approaches,

which estimate the trajectory alone and associate sensor data to the estimated path

for post-hoc analysis.

When applying full SLAM in pipe environments, significant challenges arise due

to the lack of salient and distinguishable features. As discussed in Section 2.2.1, the

repetitive and smooth geometry of pipes limits the performance of feature-based

methods. LiDAR odometry suffers from geometric simplicity, while visual SLAM

systems often experience scale drift due to weak textures and limited depth cues.

To address these issues, some vision-based methods [58, 59] incorporate geometric

priors, such as fixed-radius assumptions or known models for straight pipe sections

and junctions. While these constraints help resolve scale ambiguity, they limit

generalization to pipes with consistent, known geometries. An alternative approach

by [60] employs active laser profiling to directly measure local depth, thereby improving

metric accuracy and reducing drift.

Our prior work, VLI-SLAM [61], tackles the scale ambiguity challenge by fusing

structured-light laser data with visual-inertial odometry. Building on [62] for laser line

extraction and [7] for tightly coupled visual-inertial SLAM, this method is agnostic

to the pipe’s geometric form and enables dense, colorized reconstructions. Although

it achieves robust tracking in short-range scenarios, performance degrades over long

pipe runs due to the absence of global localization cues, leading to cumulative drift.

To mitigate cumulative drift, several works have explored the use of additional

structural or semantic cues. For example, [63] integrates identifiable pipe fea-

tures—such as junctions and corners—as pose graph constraints for trajectory re-

finement. Other methods explicitly incorporate cylindrical shape priors to reduce

drift. In [64], ORB-SLAM2 [10] is extended with a pose graph optimization step that

penalizes deviation from an idealized pipe axis. While effective in reducing drift, this

method assumes straight, uniformly shaped pipes, an oversimplification that may not
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hold in real-world networks.

Odometry-only methods are often preferred when visual or LiDAR sensing is

unreliable, particularly in narrow, featureless, or highly reflective pipes. Many of these

rely on filtering-based sensor fusion techniques. For instance, [49] uses an EKF to

fuse wheel encoder data and IMU measurements for pose estimation in PIG systems,

but the absence of global reference makes this methods susceptible to long-term drift.

In [41], encoder data is obtained from the tether cable rather than from onboard

encoders. A related method in [65] combines encoder and IMU fusion with visual

tracking of a sponge element placed in front of the camera to estimate heading. While

effective in small-diameter (15 mm) pipes, this approach is highly dependent on

external hardware modifications and lacks general applicability.
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Chapter 3

VILL-SLAM: Localization and

Dense RGB-D Reconstruction for

Pipe Environments

In this chapter, we present VILL-SLAM, a dense RGB-D SLAM framework that

integrates a monocular camera (V), an inertial measurement unit (I), a ring-shaped

laser profiler (L), and a LiDAR sensor (L) into a compact sensor package optimized

for in-pipe operations. By fusing complementary visual and depth information from

the camera, laser profilometry, and LiDAR measurements, the system addresses

the challenges of metric scale estimation inherent in conventional monocular SLAM

methods. To further enhance localization accuracy, the known cylindrical geometry of

pipes is exploited to formulate two additional factors within a factor graph framework,

providing strong geometric constraints to mitigate odometry drift. The proposed

method is evaluated through experiments on real pipe samples and benchmarked

against existing state-of-the-art algorithms. Compared to our research team’s previous

system without LiDAR integration, VILL-SLAM achieves a 6.6-fold reduction in

odometry drift, with a mean drift of 0.84% over a 22-meter trajectory and a mean

pointwise 3D scanning error of 0.88 millimeters in 12-inch diameter pipes. Field

deployments in operational pipeline networks further demonstrate the practical utility

of the proposed multi-modal sensor fusion approach for inspection and anomaly

detection tasks.
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Figure 3.1: The in-pipe mapping sensor hardware prototype using the proposed VILL-
SLAM method to fuse multiple sensory information, which produces a photo-realistic
dense RGB-D reconstruction of a 12-inch pipe segment’s inner surface.

3.1 System Overview

3.1.1 Hardware System Overview

Our proposed sensor suite design (Fig. 3.1) consists of an RGB CMOS camera with

a fisheye lens, a MEMS-based 6-axis IMU, a laser projector, and a Realsense L515

LiDAR. The laser projector projects a laser plane orthogonal to the camera’s optical

axis by emitting a thin laser beam towards a conic mirror, and the laser plane forms a

ring on the pipe’s inner surface. We adapt the alternating-shutter technique described

in [61] to strobe the red laser stripe and the illumination LED in synchronization

with the image shutter trigger (Fig. 3.2). This way, we effectively capture the visual

frames Iv containing visual details and the profiling frames Ip containing a bright

laser ring with minimal time gaps. The streaming rate of the visual-laser frame pairs

is 30 Hz. We perform camera intrinsic calibration with [66], camera-laser calibration

with [62], camera-IMU calibration with [67], and camera-LiDAR calibration using

MATLAB’s LiDAR Toolbox. The proposed sensor package is compact and attachable

to existing actuated in-pipe crawler robots.
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Figure 3.2: We capture visual and profiling image frames using one camera by quickly
switching between visual and profiling frames using a microcontroller, measuring
RGB and depth information in a near-concurrent fashion.

3.1.2 Software System Overview

The software architecture diagram is illustrated in Fig. 3.3. After acquiring data

from each physical sensor, a series of front-end preprocessing processes formulate

data frames by tracking the visual features, preintegrating IMU measurements [31],

triangulating the laser profiler data, and fitting cylinder primitives using the LiDAR

point cloud. Then the software associates the 2D visual features with depths from the

triangulated 3D laser points to bootstrap the SLAM process. With the preprocessed

sensory data from the front-end, a sliding-window-based nonlinear optimization

process is activated to estimate robot odometry and visual feature depths, where

the constraints in the cost function are structured with a factor graph. Using the

odometry determined from the state estimator, the 3D laser scans are registered into

a colored point cloud map. We also feed the odometry back to register a local LiDAR

map, which provides global depth information during the visual-depth association.
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Figure 3.3: VILL-SLAM software architecture and information flow chart.

3.2 Visual-Inertial-Laser-LiDAR SLAM

At the core of this method, is a sliding-window-based nonlinear optimization that

performs state estimation using visual, inertial, and laser-and-lidar-induced depth

measurements. It also incorporates both the pipe’s cylindrical structure and available

geometric features to reduce odometry drift. Finally, the output is a dense RGB-D

scan of the pipe interior and the sensor package’s 6-DoF odometry.

3.2.1 Sensor Data Preprocessing

The initial stage comprises the pre-processing of raw data obtained from the various

sensors. Each data stream is processed independently, and is outlined as follows:

1) Laser detection and triangulation: Given the calibrated laser plane

parameters with respect to the camera frame, we detect and triangulate the laser

points through HSV thresholding in the profiling frames to find the corresponding

3D laser point for each 2D laser pixel following the method described in [61]. In

practice, the laser can be robustly extracted even when ambient light is captured in

the profiling frames, for example, near pipe entrances and exits.

2) Visual feature tracking: This is done through the Shi-Tomasi corner

detector [68] and KLT optical flow [7]. Also, the keyframes are selected in this step.

We treat an incoming frame as a new keyframe if the average parallax of tracked
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features between this frame and the latest keyframe is greater than a certain threshold.

3) IMU preintegration: This is implemented according to [7]. As mentioned in

Section 2.1.4, preintegration summarizes raw IMU measurements between keyframes

into a compact relative motion constraint, avoiding repeated integration during later

optimization.

4) LiDAR preprocessing: LiDAR point clouds streaming at 10 Hz are cropped

to a region of interest between 0.4 m and 6 m from the sensor, spatially downsampled

by a factor of 20, and transformed to the body frame, where the body frame is aligned

to the IMU frame. If the remaining points are sufficient, we then attempt to fit a

cylinder to the pipe point cloud using RANSAC-based cylinder fitting [69], regardless

of whether the captured point cloud is actually cylindrical or not. The output of

LiDAR preprocessing is a LiDAR data frame, which contains the preprocessed LiDAR

point cloud L, the set of points-on-cylinder Y ⊆ L, and the corresponding cylinder

parameters if the cylinder is found, including the normalized axis vector u, an axis

point p, and the radius r.

3.2.2 Visual-Depth Association

After the preprocessing step, the visual features are associated with the corresponding

depth data from laser profiling and LiDAR. Denote the set of visual features as F . A

feature is defined to be a feature-on-laser if any of its observations is close to the laser

pixels in adjacent Ip. Denote the set of features-on-laser as Fl. Similarly, a feature

f /∈ Fl is a feature-on-LiDAR if any of its observations is close to a point in the local

LiDAR map projected to Iv, and the set of features-on-LiDAR is denoted as FL. For

a feature fi ∈ Fl ∪ FL, the observation frame in which the feature pixel is the closest

to the laser pixel or the projected LiDAR pixel is defined as its primary observation

frame c∗i . If fi /∈ Fl ∪ FL , its c∗i is the first observation frame. Note that if a feature

fi ∈ Fl ∪ FL, there exists a depth association between the 2D feature and 3D data.

Denote its associated depth at c∗i as d̄i.

3.2.3 Estimator Initialization

To bootstrap the SLAM process, a vision-only structure from motion (SfM) is

performed to obtain the up-to-scale camera poses and feature positions, followed by
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visual-inertial alignment, which aligns metric IMU pre- integration with the SfM

results [7]. This way, we can obtain a rough gyroscope bias estimation b̂g and a

scale estimation ŝ. Here, the scale accounts for the unknown depth scaling factor

of visual features inherent to monocular SfM. At this stage, the gyroscope bias is

prone to error due to insufficient rotational excitation, and the scale estimation can

be a few orders of magnitude larger than the true scale in an in-pipe scenario. A

fine-tuned scale estimation, s̄, is computed by multiplying the rough scale by a factor

determined by the associated depth d̄i of each visual feature fi ∈ Fl ∪ FL:

s̄ = α
1

|Fl|
∑
fi∈Fl

d̄i

d̂i
ŝ+ (1− α)

1

|FL|
∑
fi∈FL

d̄i

d̂i
ŝ, (3.1)

where | · | denotes the cardinality of a set, d̂i is the estimated depth of each feature

from triangulation, and α balances the contribution of laser and LiDAR depths to

the scale correction and it is set to |FL|/(|Fl|+ |FL|) if |FL| > 0 or 1 otherwise.

Using the new scale, we correct each keyframe’s position, velocity, and feature

positions estimated during visual-inertial alignment and conclude the initialization

process. Note that we do not fine-tune the gyroscope bias estimation here since it

will be further corrected online during the sliding-window-based optimization.

3.2.4 Sliding-Window-Based Factor Graph Optimization

After estimator initialization, we proceed with a sliding window-based tightly-coupled

monocular VIO. The full state vector, consisting of robot states x and landmark

states λ in the sliding window, is defined as:

X = [x0,x1, ...,xn, λ0, λ1, ..., λm]

xk = [Tw
bk
,vw

bk
,ba,bg],

(3.2)

where n, m are the total number of keyframes and visual features in the sliding

window, respectively. λi is the inverse feature depth of fi in its primary observation

frame c∗i . ba and bg are the accelerometer and gyro biases [7], Tw
bk

is the pose of the

kth body frame with respect to the world frame.

We perform maximum a posteriori estimation of the states X by minimizing the

20



3. VILL-SLAM: Localization and Dense RGB-D Reconstruction for Pipe
Environments

weighted sum of four factors in a factor graph, alongside the pose prior obtained from

the last marginalization [7], as shown in Fig. 3.4.

Figure 3.4: At the core of our method, a factor graph is used to represent various
states with their related constraints within a sliding window.

Visual Reprojection Factor: This factor measures the re-projection error of

visual features between keyframes. Denote the set of visual frames in the sliding

window as C. For every feature fi, we project its estimated 3D coordinates to

keyframe cj ∈ C and compute the 2D pixel difference with the observation in its

primary observation frame c∗i :

ec =
∑
i∈F

∑
j∈C

∣∣∣∣∣∣
∣∣∣∣∣∣πc(T

cj
wT

w
c∗i

1

λi

π−1
c (

uc∗i
i

v
c∗i
i

))−
ucj

i

v
cj
i

∣∣∣∣∣∣
∣∣∣∣∣∣
2

, (3.3)

where πc(·) projects a 3D point onto the 2D image and π−1
c (·) back-projects a pixel

onto the normalized image plane.

Visual-Depth Association Factor: This factor leverages the depth association

between visual features and laser or LiDAR information to further constrain feature

depth estimation. For a feature fi ∈ Fl ∪ FL, we compute the residual between the
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associated depth d̄i from projective data association and the estimated feature depth:

ed =
∑

fi∈Fl∪FL

|| 1
λi

− d̄i||2 (3.4)

IMU Odometry Factor: We follow the IMU residual definition in [7] to esti-

mate vw
bk
, ba, bg, and Tw

bk
. The IMU factor is constructed from the preintegrated

measurements between keyframes and is used to assist state estimation in low-feature

regions [58].

LiDAR Factor: This factor is used to constrain the odometry estimation by

aligning LiDAR frames through LiDAR point cloud matching. This alignment is

performed between each LiDAR frame Lk in the current sliding window and a reference

LiDAR frame Lref captured prior to the window and updated periodically with a

fixed update period τref , and the pose Tbref of the body frame bref in which Lref was

captured is known.

We define two candidate LiDAR factors: 1) the LiDAR cylinder factor, inspired

by [64], for long and straight pipe segments and 2) the LiDAR iterative-closest-point

(ICP) factor when the sensor package approaching geometrically-diverse environments

such as pipe with dents or protrusions, fittings, branches, or deformed areas. De-

pending on the environmental characteristics, the algorithm selects one LiDAR factor

from these two candidates. The criterion for the selection is termed as the cylindrical

structure regularity RY , which is the ratio between the number of points-on-cylinder

Y and the total number of points in the LiDAR point cloud L in this frame. The

larger RY is, the more cylindrical the environment is:

RY =

|Y|/|L|, if |L| > 0

0, otherwise.
(3.5)

1) LiDAR Cylinder Factor is selected if RY is greater than a threshold HY for

both Lk and Lref , which means that the environment is almost perfectly cylindrical.

The key idea is that for two sets of points-on-cylinder, if they capture the same

physical cylindrical environment, all points are equidistant from one single cylinder
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axis. This constraint is mathematically formulated as:

eY =
n∑

k=0

∑
qi∈Yk

∥∥∥(Tw
bref

ubref
)
×
(
Tw

bk
qbk
i −Tw

bref
pbref

)∥∥∥−
∥∥∥Tw

bref
ubref

∥∥∥ · r, (3.6)

where Yk ∈ Lk and Yref ∈ Lref . These points-on-cylinder are assumed to lie on the

same physical cylinder within the update period τref , which we empirically set to

10 s based on the maximum curvature along the pipe and the robot’s speed. qi is

any point in Yk. u
bk , pbk and ubref , pbref are the cylinder axis vectors and axis points

in frame bk and bref , respectively, and r is cylinder radius (Fig. 3.5). Although the

two degrees of freedom about the axial direction of the pipe are underconstrained

with this cylinder factor alone, the pose is fully constrained when jointly optimized

with other factors.

Figure 3.5: LiDAR cylinder factor.

2) LiDAR ICP Factor is selected if RY ∈ (0, HY ] for both Lk and Lref . First,

point-to-point ICP [70] is performed on Lk and Lref to find the matching point pairs

in the LiDAR point clouds. Then, we construct the residual by transforming the

corresponding points into the world frame and computing the distance between each

pair of correspondences:

eicp =
∑

qi∈Lk∩Lref

∥∥∥Tw
bk
qbk
i −Tw

bref
q
bref
i

∥∥∥2

(3.7)

Note that the ICP can be completed without ambiguity because the threshold

check on the cylindrical structure regularity ensures that sufficient geometric features

exist to perform the alignment.
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3.2.5 Map Registration

With the odometry from the optimization, we register two maps in the world frame:

1) a dense and colored map of the laser scans and 2) a sparse map of LiDAR point

clouds. The laser map is used as the final output of the SLAM and is generated in a

similar fashion as described in [61], where the color of each laser scan in a profiling

frame is estimated using adjacent visual frames. The LiDAR map is an intermediate

product needed by the visual-depth association step. To ensure bounded memory

usage, only the LiDAR frames captured in the last update period are kept in the

LiDAR map, and the points are downsampled using a voxel grid filter [69]. The

LiDAR map allows the visual-depth association between a current visual frame and

historical LiDAR data, which is desirable in long narrow pipes.

3.3 Evaluation Experiments

Experiments are conducted to functionally validate our method’s dense RGB-D

mapping capability and verify that it is able to perform low-drift localization and

accurate 3D reconstruction. First, we visually compare the mapping quality of

our method against the state-of-the-art SLAM methods. Next, we conduct two

experiments to quantitatively analyze the localization and mapping performance. All

our experiments are performed in 12-inch diameter, empty metal pipe samples that

are placed above the ground. No additional lighting besides the LED on the sensor

prototype and no fiducials are placed in the pipe.

3.3.1 Qualitative Analysis

We visually compared the mapping result of our VILL-SLAM to various state-of-the-art

single or multi-sensor SLAM algorithms, including FAST-LIO2 [9], ORB-SLAM2 [10],

LOAM [8], VINS-Mono [7] and dense mapping methods like SSL-SLAM2 [11] and

RGBDTAM [12]. Among the evaluated methods, all except our methods and VINS-

Mono fail to localize and generate a meaningful map of the pipe. Although VINS-Mono

is able to generate a map of the pipe, the map is sparse, noisy, and inaccurate due to

the incorrect scale estimation in pipes and the lack of dense mapping functionality. In
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Figure 3.6: Test environment and mapped point cloud visualization. (a) Test site
with a total pipe length of 50m. (b) Mapping results from VINS-Mono [7]. Note
that other tested methods including LOAM [8], FAST-LIO2 [9], ORB-SLAM2 [10]
and dense mapping pipelines like SSL-SLAM2 [11] and RGBDTAM [12] all failed to
produce reasonable results under same testing conditions. (c) Dense colorized 3D
map created by VILL-SLAM (ours) in the pipe test site and the zoom-in views of
some regions of interest. (d) 3D map created by VILL-SLAM in a pipe elbow sample.

contrast, our VILL-SLAM is able to generate denser and smoother maps (Fig. 3.6c)

thanks to the accurate metric scale estimation through visual-depth association with

laser and LiDAR. Our output map is also colorized using the alternating-shutter laser

profiling method (Section 3.1.1). In Fig. 3.6d, we also include a mapping result of

a 90-degree metal duct, whose inner surface is painted to prevent reflection. The

photo-realistic point cloud maps of the pipe interior built by VILL-SLAM contain

both geometric and visual details of the pipe, which is valuable for downstream

surface defect or pipe geometry analysis.

3.3.2 Localization Accuracy Evaluation

We collect the ground truth trajectory with a Leica total station (Leica Geosystems

AG, Heerbrugg, Switzerland) to track a prism mounted on the top of the sensor

package. Since the estimated and the true trajectories are not in the same coordinate

frame, we first find the transformation between the world frame set by the state esti-

mator and the total station’s frame by aligning the first ten meters of the trajectories

using a closed-form method described in [71]. Subsequently, the two trajectories are

transformed into the same coordinate frame, and the distance between every two

matched points is calculated. We compute the absolute trajectory error (ATE) over
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the trajectory length, which is clipped to 22 m.

We compare the localization accuracy of VILL-SLAM against VINS-Mono and

VLI-SLAM. Table 3.1 shows the performance statistics across six trials, where drift

is defined as the maximum error over trajectory length. The mean odometry drift

of VILL-SLAM is 0.84% and the mean RMSE is 7.62 cm, which is 6.6 times drift

improvement and 2.8 times RMSE improvement compared to VLI-SLAM. VILL-

SLAM also shows a smaller error variance. From this experiment, we verify that our

proposed method is able to achieve low drift even over long distances in pipes. On the

testing PC with AMD Ryzen 5900x CPU, the average mapping frame rate is 27 fps,

which is sufficient for real-time mapping. An example of the ATE of VLI-SLAM and

VILL-SLAM is shown in Fig. 3.7. The plot for VINS-Mono is not included because

the error is too large compared to the rest.

Table 3.1: Mean and Standard Deviation of Localization Errors

Metrics
VILL-SLAM
(our current)

VLI-SLAM
(our prior)

VINS-Mono

RMSE (cm) 7.62 ± 4.38 21.67 ± 10.07 1285.71 ± 251.94

Max (cm) 18.46 ± 7.73 121.78 ± 40.08 4205.16 ± 452.07
Drift (%) 0.84 ± 0.35 5.53 ± 1.82 189.34 ± 20.55

3.3.3 3D Reconstruction Evaluation

As shown in Fig. 3.8, we first use a high-end 3D printer to print custom evaluation

jigs, whose ground-truth point clouds are exported from the CAD software. Since

the 3D printer has relatively high printing accuracy, the printing error is considered

negligible. After installing the evaluation jig onto the pipe’s inner surface, we scan the

pipe and the jig using the sensor prototype. Finally, the point cloud map from SLAM

and the ground-truth point cloud are aligned using ICP, and the point-to-point L2

distance error is computed. Across 4 trials using 2 jig designs, the average error is

0.88 mm per point, indicating that our scanner can produce maps with sub-millimeter

grade local scanning accuracy.
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Figure 3.7: Example ATE plots of VLI-SLAM and VILL-SLAM. (a) Visualization
of the ATE of our current work VILL-SLAM (with LiDAR) and our prior method
VLI-SLAM (without LiDAR) using data collected in one trial. (b) The corresponding
3D maps of the pipe using the two methods.
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Figure 3.8: Workflow of 3D reconstruction accuracy assessment using an evaluation
jig and in-pipe 3D scanning experiments.
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3.3.4 Simulation

Based on the visual and texture data captured in the physical pipes in the mock-up

test sites, we develop a simulated pipe environment in Epic Games’ Unreal Engine 4

(UE4), replicating the conditions of the physical samples. Compared to other robotic

simulators such as Gazebo [72] and Mujoco [73], UE4 provides superior graphics

and texture rendering, allowing for a more photorealistic simulation of in-pipe en-

vironments. The simulation comprises sensor suite simulation and piping system

generation, which is achieved by combining basic pipe units and procedural random

defect creation. First, we construct basic pipe segments using Blender 4 (Blender

Foundation, Amsterdam, Netherlands) and subsequently created random defects

using geometry nodes. Next, procedural controls handle model selection, positioning,

and connection of segments. A movable “virtual” robot is centered in the pipe for

data collection. The simulated sensor suite and data capturing schemes also match

the real counterpart.

Figure 3.9: In-pipe sensing simulation in UE4. (a,b) Examples of visual and laser
profiling frames captured inside a real pipe. (c,d) Corresponding visual and laser
profiling frames captured inside a simulated bendy pipe. (e) The simulated pipe
environment where frames (c) and (d) are captured. (f) 3D point cloud reconstruction
of the simulated pipe interior. (g) Estimated path (red solid curve) versus true path
(green dashed curve) within the simulated pipe, with the error (magnified 5 times for
visualization) shaded in orange.

The simulation facilitates the verification of the robot’s sensing and SLAM software,

enabling the testing of various pipeline topographies, such as curved pipes, without the

need to rely solely on physical trials. Fig. 3.9 illustrates a simulated 12-inch-diameter
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curved pipe, alongside the images captured within the pipe and the corresponding

localization and mapping results. The localization root-mean-square error (RMSE)

absolute trajectory error (ATE) is 0.027 m, reflecting a drift of 0.55% over a 4.886-

meter trajectory.

3.4 Field Deployment Outcomes in Natural Gas

Pipes

We deployed the multi-sensor payload (described in Section 3.1.1) in an underground

12-inch natural gas distribution system in Louisiana, USA. The century-old cast-iron

and steel pipes in this site was decommissioned following Hurricane Katrina. The pipe

owners had minimal available documentation about the pipes, which were limited to

outdated paper blueprints from a hundred years ago.

We performed a total of six trials in two pipes. During each trial, the robot

collected multi-modal data, including camera imagery, 2D laser profiles, and inertial

measurements. Two GPS coordinates were recorded to anchor the reconstructed

trajectory in geodetic space: one point pGPS
0 was at start of the pipe, and another

point pGPS
1 along the pipe’s axial direction, such as the end point of the pipe. Real-

time data display included encoder-based distance tracking and camera streams, and

laser-based out-of-roundness (OOR) analysis per American Petroleum Institute (API)

Standard 579 [74].

Laser Profile Analysis: Laser pixels were triangulated and turned into cross-

sectional profiles in the form of 3D points (as described in Section 3.2.1). Each

profile was then fitted with a best-fitting circle [75], and the per-laser-point OOR was

calculated as the percentage deviation from the nominal radius.

Data Post-Processing: After SLAM execution, the estimated trajectory and

the 3D reconstruction were transformed from the relative coordinates into absolute

GPS coordinates, by aligning the starting point of the trajectory with the first GPS

marker pGPS
0 and aligning the trajectory’s direction with the vector pGPS

1 − pGPS
0 .

Each image frame was tagged with traveled distance, OOR metrics, and estimated

GPS coordinates.

Deployment Insights: Despite one trial lost to camera fogging in high humidity,
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Figure 3.10: Data captured in a field deployment trial near a pipe dislocation spot.
(a) Visual frame showing a gap, rust, and signs of water. (b) Out-of-roundness
(OOR) plot of the corresponding laser profile, with warm colors indicating outward
deformation and cool colors indicating inward deformation. (c) Mapped pipe trajectory
overlaid on a satellite map, highlighting the dislocation spot. (d) Reconstructed 3D
point cloud of the affected area. (e, f) Corresponding mesh with diameter and bump
size analysis.
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most trial yielded high-quality data products:

• In the first pipe, the robot identified an unexpected anomaly at 336 ft (Fig. 3.10).

Combined visual, laser, and 3D reconstruction data revealed a pipe joint

dislocation with an 18 mm diameter increase and an inward bump of 19 mm.

These features were not detectable from 2D video footage or single-scan laser

profile alone.

• In the second pipe, a 45-degree elbow was encountered 384 ft from the entry

point, contradicting the pipe owner’s initial map. This discovery helped correct

infrastructure records.

• Reconstructed trajectories overlaid on satellite maps and the 3D meshes of

localized deformities provided stakeholders with a new level of spatial and

structural insight.

To the best of our knowledge, this is the first RGB-D dataset captured from inside

real underground natural gas distribution pipelines. The result is a multi-modal,

georeferenced dataset combining visual, 3D geometric, and inertial field data. These

data products not only support structural assessment, but also provide a foundation

for developing learning-based anomaly detection algorithms, which could enhance

both real-time and retrospective inspection workflows.

3.5 Conclusion and Discussion

This chapter presented VILL-SLAM, a confined-space mapping algorithm designed

for accurate localization and 3D reconstruction inside narrow pipelines. The system

tightly integrates a monocular camera, IMU, laser profiler, and LiDAR into a robust

multi-sensor fusion framework tailored for GPS-denied, low-feature environments. By

fusing two redundant yet complementary sources of depth information—laser profiler

and LiDAR—the method effectively mitigates drift during long-distance inspection.

To further improve localization accuracy, we introduced two novel optimization

factors: the LiDAR Cylinder Factor, which leverages the cylindrical geometry of long,

straight pipe segments, and the LiDAR ICP Factor, which improves robustness in

geometrically diverse regions. These constraints further anchor the state estimation

process to the known structure of the environment.
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Field deployments validated the system’s performance, with VILL-SLAM out-

performing conventional SLAM methods in both localization and mapping accuracy.

Real-world experiments demonstrated sub-millimeter-level, photorealistic 3D recon-

structions, achieving an average localization drift of 0.84% and a local scanning error

of 0.88 mm per point over a 22-meter trajectory in 12-inch diameter pipes.

While our method offers many advantages, there are several limitations:

1. Calibration Sensitivity: The system is highly sensitive to calibration quality,

particularly the extrinsic calibration between the camera and laser. Small

perturbations can lead to significant mapping errors. Future work may include

implementing online calibration methods to reduce reliance on a single pre-

deployment calibration.

2. Visual Degradation: The system’s reliance on optical flow-based visual track-

ing makes it vulnerable to failures in low-feature or degraded visual conditions

(e.g., fogged lenses). Real-time image quality monitoring and failure detection

would help mitigate this risk.

3. Failure Recovery: Currently, the tightly coupled sensor fusion framework

lacks robust fallback mechanisms. Failures caused by unreliable visual or inertial

data—especially during bumpy traversal—could be addressed by incorporating

relocalization strategies [76], lightweight fallback odometry, or redundancy

through multi-odometry fusion [33]. A more modular software architecture with

health checks per sensor would also improve fault tolerance [77].

4. Generality: The system currently assumes circular cross-sections. Broader

applicability could be achieved by integrating geometric constraints suited to

other pipe environments (e.g., elliptical or rectangular ducts).

5. Loop Closure: Enabling loop closure detection and correction for closed-loop

or networked pipe systems remains an open area for future work.

Given the system’s demonstrated field performance and practical utility, we

are continuing to deploy and evaluate the VILL-SLAM framework in collaboration

with partners in the infrastructure sectors. Ongoing work focuses on expanding

the system’s applicability across a variety of pipeline types and use cases—such as

stormwater—while further hardening the hardware and improving software resilience

for long-term, autonomous field use.

32



Chapter 4

Smoothing the Road from Lab to

Field: A Design for Deployment

(D4D) Framework for Robotic

Systems Engineering

Bringing robotic technology from controlled laboratory settings into complex real-

world environments remains a significant challenge. Ideally, engineering projects

should begin by identifying a clearly defined problem in the field, followed by the

development of a tailored technological solution. However, in practice, the process is

often inverted: researchers and engineers frequently start with a novel technology and

then seek out applications where it might be useful. More commonly, projects fall

somewhere in between—stakeholders may articulate broad pain points or high-level

needs, but detailed requirements are often ambiguous or evolving. This ambiguity

is especially pronounced in under-explored or unfamiliar environments, where users

themselves may not fully understand the operational constraints or workflow impli-

cations without first observing how a deployed robot behaves in situ. In such cases,

progress is stymied by a classic chicken-and-egg dilemma: stakeholders need data

from early deployments to define requirements, yet deployment requires a system

that appears sufficiently mature.

Moreover, robotic systems rarely operate in isolation. Effective deployment
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requires careful consideration of how human operators, stakeholders, and support

personnel interact with the robot in dynamic, often unpredictable conditions. This

human-in-the-loop aspect introduces additional complexity, as engineers must account

not only for technical functionality but also for human factors, user experience, and

organizational workflows.

In such scenarios—characterized by unclear requirements, evolving understanding

of the operational environment, and complex human-robot interactions—iterative

development becomes essential. However, this raises a critical question: How can we

maximize outcomes per development iteration and accelerate the readiness

of a robotic system for real-world deployment, particularly in the case

where both the environment and the operational specifications are not

well understood?

This chapter explores that question in the context of robotic deployment in

under-explored domains, such as infrastructure inspection or urban search and rescue

(USAR) [78]. We will discuss the limitations of the existing systems engineering

approaches, present a new framework, show its application in two retrospective case

studies, and discuss its implications, limitations, and alignment with emerging trends

in robotics systems engineering.

4.1 Limitations of Existing Systems Engineering

Approaches

Conventional systems engineering frameworks, such as the V-model [13] (Fig. 4.1a),

emphasize formal requirement specification, system decomposition, and structured

integration. While effective in well-bounded projects with stable requirements, these

approaches are less suited to exploratory applications. Their linear and hierarchi-

cal structure limits adaptability once development is underway, and they typically

provide insufficient mechanisms for integrating evolving user feedback or contextual

understanding during the project lifecycle. Human factors, if addressed at all, are

often treated as secondary concerns introduced late in the development process.

Agile method [14] (Fig. 4.1b), by contrast, prioritize rapid iteration, continuous

feedback, and incremental delivery. These methods are widely adopted in software
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Figure 4.1: Systems engineering methods. (a) V-model [13]. (b) Agile method [14].

engineering, where systems can be modularized, deployed quickly, and updated fre-

quently. However, applying agile principles to robotic systems presents practical

challenges due to the interdependence of hardware and software, longer prototyping

cycles, and the difficulty of obtaining quick feedback in physical environments. More-

over, agile’s emphasis on speed can come at the expense of systems-level integration,

safety, and performance robustness—crucial aspects in field robotics.

User-centered design (UCD) [15], originating from human-computer interaction

and product design, emphasizes involving users early and iteratively to ensure so-

lutions meet real-world needs. While not a systems engineering methodology, its

principles—such as empathy, participatory design, and iterative prototyping—have

influenced human-robot interaction research. However, in large-scale or exploratory

engineering projects, UCD can be difficult to operationalize. It often requires intensive

stakeholder engagement, which may not be feasible when user knowledge is limited

or when users themselves are unsure of what they need. UCD also tends to focus on

the product or interface level, rather than the full systems engineering process, which

limits its utility in orchestrating complex deployments.

4.2 A Design-Inspired Systems Engineering

Framework: Design for Deployment (D4D)

To address these limitations, we propose Design for Deployment (D4D), a systems engi-

neering framework inspired by the iterative ethos of design thinking. Although robotic
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development is fundamentally constrained by systems engineering principles—such as

traceability, verification, and performance guarantees—D4D borrows from the design

discipline the emphasis on early-stage user involvement and rapid feedback cycles.

The framework is intended not to replace existing engineering rigor, but to augment

it with mechanisms for contextual responsiveness and deployment-oriented thinking.

D4D rests on two core principles:

• Deployment-Oriented Development: The development process should

be tailored to maximize deployment efficiency by conceptualizing operational

procedures, environmental factors, and system integration points from the

outset. These elements should be considered not as downstream tasks, but as

guiding parameters throughout the engineering lifecycle.

• Collaborative Iteration with Stakeholders: Users and stakeholders should

be involved early and continuously—not merely as requirement providers but

as co-creators. By engaging with them through iterative testing, engineers can

align technical feasibility with practical needs, test contextual assumptions,

and jointly manage expectations and project scope. This helps ensure that

both functional and non-functional requirements converge toward deployment-

readiness as the project matures.

The procedure of D4D is shown in Fig. 4.2. The steps are detailed as follows.

4.2.1 Concept of Operation

The Concept of Operation (ConOps) phase grounds the development process in real-

world context before requirements are formalized. Drawing from the top-down logic

of the V-model and enriched by principles from human-centered design and mission-

oriented planning, this step focuses on answering: What is the system expected to

do, and under what conditions?

D4D structures this phase around three perspectives:

• Research: Establishes technical and contextual understanding through litera-

ture, expert input, and user interviews. It informs early functional requirements

by identifying environmental constraints, operational tasks, and deployment

logistics.

• Imagination: Encourages scenario-based thinking to anticipate how users will
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Figure 4.2: The proposed Design for Deployment (D4D) framework, inspired by
[13, 14, 15]. The process starts with ’Concept of Operation’, followed by requirement
definition, conceptual and detailed design, implementation, verification, and field
deployment. Our method integrates user input (represented by the red color) from
the beginning, which influences both technical development and operational planning.
The goal is to align system capabilities with deployment conditions and user needs.

interact with the system, what workflows will emerge, and what failure modes

may arise. This helps surface non-functional requirements, such as usability,

robustness, and human-system coordination.

• Empathy: Introduces user perspectives early, considering physical and cognitive

demands on stakeholders. This supports intuitive design and early consideration

of human factors, often missed in traditional systems engineering.

To formalize the system’s intended use and provide a structured foundation

for requirement definition, we adapted the concept of Mission and Environment

Vectors—originally introduced as a Mission Description Language (MDL) for mission

validation [79]—to clarify deployment goals and contextual constraints. While these

vectors are used for post-development validation in the original work, we employed

them as a structured way to clarify system intent at the beginning stage of development.

We also propose an additional Human Context Vector to specify human interaction
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and operational context.

The Mission Vector represents a typical deployment mission’s characteristics,

such as distance per trial, duration, trajectory shape, payload delivery objectives (if

any), and data collection objectives:

M = {Mdist, Mtime, Mtraj, Mpld, Mdata} (4.1)

The Environment Vector captures factors like terrain type, spacial constraints

or obstacles, precipitation, humidity, visibility, temperature, pressure, and potential

threats or hazards:

E = {Eterrain, Espace, Eprecip, Ehumid, Evis, Etemp, Epressure, Ethreats} (4.2)

The Human Context Vector captures expectations or constraints related to

human-system interaction:

H = {Hops, Hload, Hcomms, Hlog, Hsafety, Hsoc} (4.3)

• Hops is the operator profile and skill level, addresses issues with usability and

error rates.

• Hload is the physical and cognitive load, important for long missions and risk of

operator fatigue.

• Hcomms is the communication structure and protocols between users and between

humans and the system. This factor helps define latency tolerances, UI needs,

handoff mechanisms.

• Hlog is the logistical complexity, including transport, setup time, calibration

burden, number of personnel required. This factor encourages consideration of

portability and deployment overhead.

• Hsafety is the safety concerns and risk perception, such as human proximity to

moving parts, emergency overrides, and fault tolerance.

• Hsoc is the social, cultural, or organizational factors, including regulatory

constraints, local norms, traffic control, or bystander interaction. This factor is

useful for deployments in urban or public environments.
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Together, these vectors provide a concrete foundation for requirements and ensure

early alignment between engineers and users, even when initial needs are vague or

evolving.

4.2.2 Requirement Definition and Conceptual Design

These two phases transition from intent to structure. Building on the ConOps, the

requirement definition phase defines both functional and non-functional requirements,

while conceptual design explores system architecture, modularity, and trade-offs,

keeping deployment context in focus. During these phases, user feedback is crucial;

early reviews on conceptual design with users help refine and prioritize requirements,

thus improving conceptual design by eliminating unnecessary features, mitigating

ambiguity and scope drift, and ensuring the expectations between the engineering

team and users were well-aligned.

Unlike traditional models such as the V-model that assume fixed requirements,

D4D allows for requirement refinement as design and development progresses and as

user understanding deepens.

4.2.3 Detailed Design, Implementation, and Verification

In this phase, the system is developed and validated adhering to the hierarchical,

top-down bottom-up practice like in the V-model. Specifically, it involves breaking

down the system into smaller, manageable modules, implementation each module,

and testing the modules and their integration to ensure they meet requirements.

For system verification, D4D recommends using a hybrid testing approach to

reduce the risk of late-stage failure. This includes lab testing, mock field trials,

and simulation. To avoid the sim-to-real gap, we recommends delaying high-fidelity

simulation until real-world insights (even from minimal testing) inform accurate

environmental modeling. This ensures that simulation remains grounded and useful

as a verification tool.
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4.2.4 Field Deployment

Rather than treating deployment as a final milestone as in the V-model, D4D positions

it as the culmination of one iteration and the start of the next, as in the Agile method.

Field deployment is where operational complexity, user behavior, and environmental

variability converge—providing invaluable feedback for refining the system.

The framework emphasizes structured post-deployment reflection, updates to

requirements and ConOps according to the evolving user needs and expectations, and

renewed alignment with stakeholders. This closes the loop and accelerates progress

across development cycles.

4.3 Case Study: Natural Gas Pipe Inspection

Robot

This case study presents a retrospective analysis of a robotic inspection system

designed to navigate decommissioned underground natural gas pipelines. This project

represents a typical example of deployment in an under-explored environment—where

user knowledge of deployment conditions is limited, and human involvement is required

for successful system setup and control.

Overall, the deployment successfully completed its inspection objectives (see results

in Section 3.4). While the project was guided by conventional systems engineering

principles, the development process did not fully adhere to the Design for Deployment

(D4D) framework. We examine each D4D phase to highlight missed opportunities

and lessons learned, particularly around stakeholder engagement and human-system

integration.

4.3.1 Concept of Operation and Requirement Definition

The initial task was defined as deploying a robot to inspect 12-inch metal pipes—horizontal,

decommissioned, dry, potentially rusted, and up to 500 ft in length. This definition,

based on informal user descriptions, physical samples, and online research, enabled

the identification of core functional requirements such as in-pipe mobility and data

collection for localization and mapping.
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However, this early planning lacked structured user engagement and a compre-

hensive concept of operation, which led to several blind spots:

• Environmental factors such as humidity and temperature were underexplored,

and user knowledge of pipe conditions (e.g., elbows, obstructions) was assumed

rather than investigated.

• The Human Context Vector was not modeled, resulting in a lack of foresight

around communication protocols, task sharing, and physical burden on human

operators.

• No formal effort was made to elicit user workflows, operational constraints, or

comfort with handling robotic equipment.

As a result, non-functional requirements such as portability, system usability, and

operator interaction were underdeveloped, affecting later deployment success.

4.3.2 System Verification

System verification was conducted through mock deployments and simulation. These

tests confirmed system functionality under controlled conditions. However, stress

testing under realistic field conditions was not emphasized, as user engagement at

this stage remained minimal. Additionally, an early simulation setup before acquiring

realistic pipe data lacked realistic texture and lighting, leading to a significant sim-

to-real gap. The simulation setup in Section 3.3.4 was in fact a rebuilt version. As

outlined in the D4D framework, this issue could have been mitigated by delaying

simulation until insights from minimal physical testing could inform its parameters.

4.3.3 Field Deployment and On-Site Operations

Direct user engagement occurred relatively late—during pre-deployment prepara-

tion—when several critical issues surfaced:

• Field operators highlighted environmental risks (e.g., muddy deployment site,

standing water) that had not been previously considered. In response, reactive

system hardening (e.g., splash-proofing, ruggedization) had to be implemented

on short notice.

• Communication between the teleoperation team and field crew broke down

41



4. Smoothing the Road from Lab to Field: A Design for Deployment (D4D)
Framework for Robotic Systems Engineering

due to generator noise and physical separation, requiring an improvised human

relay—a coordination issue that could have been resolved through early scenario

planning and role definition.

• Operators were unfamiliar with handling sensitive components, leading to

near-damage of critical tethers and wear on connectors.

These issues reflect the consequences of insufficient and late-stage user engagement.

Earlier collaboration—through co-design and scenario walkthroughs—could have

surfaced many of these challenges during planning, at lower cost.

4.3.4 System Limitations and Observed Gaps

Post-deployment analysis revealed several issues directly linked to insufficient user

input and a lack of structured contextual modeling:

Perception: Vision-based SLAM was disrupted by fogged lenses and blurred

images—conditions that could have been anticipated through environmental modeling

and user insight.

Manual Operation Burden: Continuous gamepad control caused operator

fatigue, underscoring the need for assistive driving systems. A more empathetic

understanding of operator workload would have prompted earlier mitigation.

Mobility Mismatch: Unexpected elbows and uneven terrain—despite user

claims that pipes were mostly straight—highlight the need for iterative requirement

refinement based on real deployment data.

Portability: Though the system was designed to be modular and plug-and-play,

all equipment required ten heavy carrying cases, demonstrating insufficient attention

to logistical constraints and ease of transport.

Communication and Training: Field staff lacked familiarity with the system,

resulting in mishandling. A structured training plan and clearer communication

protocols would have improved reliability.

Situational Awareness: Teleoperators lacked feedback on robot orientation and

tether status. These usability gaps could have been addressed through user-in-the-loop

interface testing or early operator consultation.
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4.3.5 Key Takeaways

This case highlights how traditional systems engineering processes—when applied

without a structured deployment-oriented framework—can under-address environ-

mental realism, human factors, and operational complexity. While the robot met

functional expectations in lab conditions, real-world deployment exposed hidden gaps

that impacted usability, robustness, and field coordination.

Had D4D been applied, early and continuous engagement with users, structured

modeling of environmental and human context factors (e.g., via Mission, Environ-

ment, and Human Context Vectors), and iterative deployment planning could have

significantly improved deployment readiness and field performance.

4.4 Case Study: Stormwater Pipe Inspection

Robot with Structured Deployment Planning

This case study examines the development and deployment of a robotic system for

inspecting underground stormwater pipes. In this case, a different hardware design

but essentially the same sensing software was used compared with the previous case.

This project followed the D4D framework more closely, particularly in terms of early

stakeholder engagement, environmental modeling, and human factor consideration.

The project illustrates how systematic use of the D4D principles—especially the

Mission, Environment, and Human Context Vectors—helped reduce deployment

friction and better align the system with real-world operational needs.

The deployment context was relatively better understood than in the previous

case: the users provided detailed information about the operational environment and

deployment procedures. However, as the deployment unfolded, certain discrepancies

between reported and actual conditions revealed that even expert knowledge can

contain gaps, reinforcing the importance of maintaining iterative feedback loops.

4.4.1 Concept of Operation and Requirement Definition

Early engagement with stakeholders enabled a structured and detailed formulation

of the Concept of Operation. By explicitly modeling the three vectors of the D4D
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framework, the team was able to define constraints and requirements with greater

clarity:

• The Mission Vector was defined through stakeholder input, including the

expected mission trajectory shapes, pipe lengths, the range of pipe diameters

(18 to 36 inches), and required bend traversal (e.g., 45-degree elbows with 1.5R

turning radius).

• The Environment Vector included both internal pipe conditions—concrete

walls, crack-induced bumps of up to 2 inches, splash risk—and external factors,

such as high ambient temperatures and strong sunlight. These insights informed

robustness features like splashproofing, thermal protection, and preparation of

shade canopies to avoid screen glare.

• The Human Context Vector was proactively considered. For example, the

robot had to be man-portable to accommodate the field crew’s capabilities, and

its form factor was constrained by the need to be lowered through standard

manholes using a winch.

This early modeling enabled the team to define operational procedures in advance

and align the system design with deployment constraints.

4.4.2 System Verification

Informed by the Concept of Operation, the system was verified using a mix of

controlled and scenario-driven testing. Specific attention was paid to user interaction.

For example, an attitude indicator was added to improve situational awareness and

reduce teleoperator perceptual load. Communication between the teleoperation team

and field operators was facilitated through walkie-talkies, addressing known pain

points from the prior project. Also, operators were briefed on equipment handling,

ensuring they were confident in setup and recovery procedures.

These interventions, driven by the Human Context Vector, significantly improved

ease of use and reduced the chance of operational errors.
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4.4.3 Field Deployment and On-Site Operations

The deployment proceeded smoothly, with the robotic system navigating multiple

pipe segments as planned. The early effort invested in operational modeling and

user preparation paid off in reduced rework and a coordinated workflow among team

members.

However, the field trials also revealed that even informed users may unknowingly

provide inaccurate data. For example, in one case, a pipe listed in user records

as 24 inches in diameter was measured at 18 inches using the robot’s onboard 3D

sensing. This discrepancy required a reconfiguration of the robot’s hardware, which

was handled quickly but highlighted the persistent gap between expected and actual

conditions. In another instance, a pipe believed to be drained contained standing

water that gradually exceeded the robot’s water-handling capability. While the

robot was splashproof, it was not designed for submersion, necessitating mission

termination.

These cases demonstrate the importance of treating user input as valuable

but imperfect, and maintaining flexibility in both system design and field operations.

While early modeling based on user knowledge is essential, iterative feedback and

adaptive design are still necessary—core principles embedded in D4D.

4.4.4 Key Takeaways

This case illustrates the practical benefits of applying the D4D framework in field

robotics projects. Early and structured stakeholder engagement enabled a more

accurate Concept of Operation, informed by the Mission, Environment, and Human

Context Vectors. As a result, the system design was more aligned with real-world

constraints, better integrated into user workflows, and easier to operate and deploy.

At the same time, field deployment revealed that even knowledgeable stakeholders

may provide incomplete or outdated information. The D4D framework addresses this

by encouraging iterative updates to the operational model and continual engagement

with users. Such flexibility allowed the team to respond effectively to emerging

challenges, while avoiding many of the issues observed in the previous case study.

Overall, this case demonstrates that deployment-oriented planning and user

engagement in systems engineering, as embodied in the D4D framework, can signif-
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icantly improve the field readiness and robustness of robotic systems in uncertain

environments.

4.5 Conclusion and Discussion

This chapter proposed the Design for Deployment (D4D) framework to address the

challenge of developing robotic systems for under-explored environments, where

user requirements are often vague and deployment conditions are not well un-

derstood. Through two case studies, we demonstrated how D4D’s structured ap-

proach—anchored in early modeling of mission, environment, and human context—can

help bridge the gap between lab prototypes and robust field-deployable systems.

The advantages of D4D are threefold. First, it promotes early engagement

with users and stakeholders, which improves requirement alignment and reduces

miscommunication. Second, it introduces formalism into operational modeling through

the use of structured vectors, enabling clearer design constraints and more focused

system verification. Third, it emphasizes iterative development with deployment as

an integral part of the engineering process, rather than an afterthought.

However, D4D also has limitations. It requires additional upfront effort in stake-

holder coordination and scenario modeling, which may not be feasible in resource-

constrained projects. Moreover, it assumes that users are willing and able to partic-

ipate meaningfully in early-stage design—an assumption that may not hold in all

domains.

Nevertheless, D4D aligns with broader trends in robotics and systems engineering,

including increasing attention to human-robot interaction, agile development in hard-

ware systems, and the growing emphasis on deployability and real-world robustness.

As robotics increasingly moves from controlled labs to complex field environments,

frameworks like D4D are essential for making that transition more reliable, systematic,

and user-informed.
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Conclusion

This thesis explored the central question: How to enable accurate localization and

mapping inside space-constrained, feature-sparse, and GPS-denied pipelines using

multi-sensor fusion? The answer required a combination of sensor system design,

algorithmic innovation, deployment-aware system-level thinking that together address

the unique challenges of pipeline environments. A core objective was to bridge the gap

between theoretical SLAM techniques and practical, field-deployable robotic systems

for underground infrastructure inspection. In this research, the journey from theory

to deployment unfolded through a series of interlined contributions, each contributing

a critical piece of the answer.

The initial foundation was laid by exploring the fundamentals of state estima-

tion and SLAM, grounding the work in established methodologies while critically

examining their limitations in the context of underground, confined environments.

These environments present unique challenges such as geometric simplicity, a lack of

distinctive visual features, and highly constrained sensor views—all of which compli-

cate standard SLAM assumptions. Understanding these constraints was essential for

motivating the development of specialized perception strategies.

To address these challenges, the thesis introduced VILL-SLAM, a novel fusion

framework that integrates monocular vision, inertial sensing, a structured light laser

profilometer, and LiDAR. This combination overcomes the metric scale ambiguity

inherent in monocular vision and mitigates global drift through geometry-aware depth

sensing. VILL-SLAM was shown to achieve sub-millimeter reconstruction accuracy
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and less than 1% localization error, demonstrating both the theoretical soundness of

the approach and its practical performance in 12-inch and larger pipe environments.

Recognizing that real-world impact depends on more than algorithmic performance,

the thesis turned toward the challenge of deployment. The transition from lab to field

revealed the critical role of engineering practices that support reliability, adaptability,

and usability under uncertain and variable conditions. To guide this process, aDesign

for Deployment (D4D) framework was introduced. This systems engineering

approach emphasizes formalism in operational modeling, early user engagement,

and iterative development informed by field deployments. Through two deployment

case studies, the framework demonstrated how considerations beyond algorithmic

performance—such as system integration, operator interaction, and environment

variability—are essential for successful real-world implementation.

Collectively, this thesis contributes a full-stack solution to the in-pipe SLAM

problem. It spans mathematical modeling, sensor suite design, software architec-

ture, fusion algorithms, and deployment methodologies. The proposed methods not

only work in controlled settings but have been shown to perform in diverse and

unpredictable field conditions across gas and stormwater infrastructure domains.

This work highlights a broader insight: solving the in-pipe SLAM problem is not

solely about improving perception algorithms. Success depends equally on selecting

appropriate sensing modalities, designing integrated hardware-software systems, and

planning for variability in the deployment environment. In this sense, the “how” of

localization and mapping is both a technical and engineering question.

Future work will require a combination of continued research and practical deploy-

ment efforts to extend the impact of this work. The current localization frameworks

provide a strong foundation for full autonomy in pipeline inspection robots. However,

additional extensive testing in real-world environments is necessary to validate system

robustness, identify unforeseen challenges, and refine performance under operational

conditions. Integrating motion planning and teleoperation assistance could enhance

navigational capabilities in complex or branching networks. Semantic analysis and

anomaly detection could be layered onto the 2D and 3D data outputs to automate

structural assessment and prioritize maintenance efforts. Scaling inspection to large

networks may involve the development of multi-agent systems, where small robots

collaboratively inspect different sections and share map information. Finally, sus-
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tained collaboration with infrastructure owners, industry stakeholders, and regulatory

bodies will be essential to turn these technologies into deployable standards that

shape the future of underground infrastructure monitoring.

In conclusion, this thesis demonstrates a complete pipeline—from theory to

deployment—for multi-sensor fusion localization and mapping in pipe inspection. By

combining perception algorithms, sensor integration, and deployment-aware system

design, it contributes to the future of resilient, intelligent underground infrastructure

monitoring. The methods and systems introduced in this thesis have the potential

to benefit pipe owners, field operators, and infrastructure engineers by improving

operational efficiency, reducing inspection costs, enabling as-built system quality

assessment and performance analytics, and improving the safety and sustainability of

critical pipeline infrastructure.
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