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Abstract

These days, the evolution of technology is transforming the way we per-
ceive the world. More and more companies are having the opportunity to
improve efficiency and safety by adopting new technologies, particularly in
the realm of extended reality and the digitalization of 3D content.

Arcoda is a company specialized in cartography applications as its core busi-
ness. These applications typically consist of a map with digital content
overlaid, such as markers representing the location of points of interest,
such as cars or electric cabins. Arcoda sees extended reality as the natu-
ral evolution of its product. Transitioning from map-based visualization to
overlaying digital content directly onto the real world offers multiple bene-
fits. The most exciting advantage is the ability to reconstruct 3D contents
and tnteract with them directly in real-world spaces.

The focus of this thesis is to address the current challenges in industrial-
izing these technologies. After identifying the specific requirements of the
company’s use cases, the next step is to develop solutions that meet these
needs. Specifically, we will explore the following key areas: experiment-
ing with smart glasses and mized reality for industrial use cases; identify-
ing algorithms for spatial calibration and temporal synchronization between
two devices for 3D georeferenced data acquisition and augmented reality
purposes; and conducting a qualitative analysis of 3D reconstruction algo-

rithms.
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Chapter 1

Introduction

1.1 The Context

1.1.1 The PhD in Industrial Innovation

This thesis represents the final achievement of my career in the industrial
doctoral course 'Doctorate Program in Industrial Innovation’, cofounded
by the University of Trento and the Fondazione Bruno Kessler(FBK). As
the program’s official headline states, ’Companies are the key players’ in
this interdisciplinary course that maintains a close connection with the
corporate world. The author holds an “executive PhD” position, meaning
that their activities are primarily conducted within their employing com-
pany. Unlike traditional doctoral studies, this program focuses on achiev-
ing high-impact applications in the industrial sector. Consequently, the
research work has been paired with intensive development efforts, leading
to the effective implementation of a solution for the industry sector. As a
result of this research, the company is now selling an innovative product
on the market, and some clients have already adopted it in their business

processes.



1.1. THE CONTEXT CHAPTER 1. INTRODUCTION

1.1.2 The Research Topic

Arcoda [7], the company I work for, operates in the field of cartography.
It is doing a study on mixed reality (MR) and 3D digitalization as an
evolution of its current product offerings. Specifically, the focus is on de-
veloping a system for 3D georeferenced reconstructions and location-based
augmented reality applications, which fall under the field of MR.

MR represents the seamless integration of real and virtual environments,
blurring the lines between the physical and digital worlds. It encompasses a
broad spectrum of experiences, from augmented reality (AR), where digital
elements enhance the real world, to fully immersive virtual reality (VR).
Within this spectrum, marker-based and location-based AR stand out as
pivotal technologies. Marker-based AR relies on specific visual markers to
trigger the display of digital content, providing a precise and interactive
experience. In contrast, location-based AR uses GPS and other spatial
data to overlay information on the real world, creating context-aware ex-
periences tied to specific locations. For better understanding, the space
between the real and virtual world is called Reality—virtuality continuum

postulated by Milgram [§], you can see the Fig. [1.1

_ _ Virtual Reality
I Mixed Reality (MR) 1 (VR)
ﬁ
Real Augmented Augmented Virtual
Environment  Reality (AR) Virtuality (AV)  Environment

Figure 1.1: Reality—virtuality continuum, image taken from [1]

As the demand for more immersive and accessible MR experiences grows,
smart glasses have emerged as a key hardware solution. These devices allow

users to interact with digital content in a hands-free manner, making AR

2



CHAPTER 1. INTRODUCTION 1.2. THE PROBLEM

experiences more intuitive and seamless. The integration of smart glasses
into MR ecosystems opens new possibilities for interaction and information
visualization.

The representation of 3D scenes is another critical area of development,
with various algorithms pushing the boundaries of realism and accuracy.
Traditional methods, like photogrammetry, reconstruct 3D models from
photographs, creating detailed and accurate representations of the physi-
cal world. More recently, neural radiance field (NeRF) [9] have introduced
a new way of representing scenes using neural networks, capturing com-
plex light interactions, and providing highly realistic images. The evo-
lution of these techniques has led to advancements such as 3D Gaussian
Splatting(3D-GS) [10], which further refines scene representation by im-
proving the efficiency and quality of 3D representation by exploiting the

adoptions of Gaussians as the primitive element.

1.2 The Problem

Real World Cap:z::s a0 HD Reconstruction]—{Augmented reality

Figure 1.2: This is the final goal of our system, the acquisition of the real world, the

reconstruction, and finally the visualization in AR

The goal of Arcoda in the domain of 3D digitalization is to look for
a device solution that is able to serve both AR and data acquisition for

generating the 3D reconstruction of the scene. In the first scenario, the

3



1.2. THE PROBLEM CHAPTER 1. INTRODUCTION

clients have selected the excavation.

An important requirement for this solution is achieving an accuracy of 10
centimeters in georeferencing the model.

There are hardware options like 3D laser scanners and drones that can
perform 3D reconstruction very precisely, but they are not suitable for AR
purposes. Moreover, they are quite costly, and the use of drones is often
prohibited in urban areas.

One possible solution is to combine two devices: a smartphone or smart
glasses and an Real-Time Kinematic Global Navigation Satellite System
(RTK-GNSS) device. The RTK-GNSS can achieve centimeter-level ac-
curacy, while the smartphone or smart glasses can collect images for 3D
reconstruction and display holograms in the real world.

The problems that I will go through during this thesis are:

e Comparison between smart glasses and smartphones: When
considering the comparison between smart glasses and smartphones,
it may initially seem that smart glasses offer a more ideal solution,
especially when analyzing their potential to enhance productivity in
various industries. However, a deeper, step-by-step evaluation is es-
sential to determine whether the hardware is truly ready for industri-
alization, particularly in the context of fieldwork by utility operators.
Smart glasses, such as Microsoft’s HoloLens, represent a significant
advancement over traditional mobile devices by providing a hands-
free, immersive experience that integrates AR into real-world tasks.
The key advantage of smart glasses lies in their ability to offer critical
information directly in the user’s field of view. This means utility
operators, for example, can receive real-time data, instructions, and
visual overlays, all while keeping their hands free to perform the nec-
essary manual tasks. This is a stark contrast to smartphones, where

users must divert attention away from the task at hand to interact

4



CHAPTER 1. INTRODUCTION 1.2. THE PROBLEM

with a screen, potentially leading to safety risks or inefficiencies in
high-stakes environments.

One of the most promising aspects of smart glasses is their ability to
leverage gesture controls, voice commands, and eye-tracking to oper-
ate, reducing the need for physical touch. In industries like utilities,
where operators may be working in challenging environments such
as construction sites, underground facilities, or electrical substations,
this hands-free functionality is critical. Gesture controls allow users
to interact with the device in a natural, intuitive way, minimizing the
need for additional tools or interfaces. For example, simple hand ges-
tures can be used to navigate menus, zoom into detailed schematics,
or control devices remotely, all without needing to take the gloves off
or stop what they are doing.

Moreover, with information directly overlaid in the field of view, oper-
ators can access a variety of real-time data such as schematics, main-
tenance records, diagnostics, or troubleshooting information. This
immediate access to information can significantly reduce downtime,
prevent errors, and increase efficiency by ensuring that workers have
the information they need right when they need it. For instance, while
performing a complex repair, a utility worker can see step-by-step in-
structions, schematics of the system they are working on, or even a
remote expert’s guidance without ever having to look away from their
task.

However, it is crucial to assess whether the hardware powering these
devices is ready for the demands of industrial applications. The cur-
rent generation of smart glasses, while promising, still faces challenges
in areas such as battery life, durability, processing power, and field
visibility and weight. For utility operators, who may be working in

extreme conditions (rain, snow, or in low-light environments), these
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devices need to be rugged enough to handle the elements while re-
maining lightweight and comfortable for prolonged wear.

The durability of smart glasses, as well as the quality and brightness of
the display, are key factors to consider. Operators will need a device
that offers clear, readable information in diverse lighting conditions
and environments. Additionally, battery life remains a concern; the
hardware must be able to support a full workday of use without re-
quiring frequent recharging, especially in scenarios where downtime is

costly or dangerous.

Analysis of the algorithms to combine the outputs of the two
devices: The integration of RTK-GNSS and smartphones for precise
localization and image capture presents an exciting opportunity for
creating highly accurate 3D representations. By combining the precise
positioning data from the RTK-GNSS with the smartphone’s camera
for capturing images, users can generate high-resolution, georeferenced
3D models of objects or environments. However, as promising as this
integration is, it introduces significant challenges in terms of spatial
and temporal calibration that must be addressed to successfully com-
bine the outputs of the two devices.

One of the primary challenges in integrating the RTK-GNSS and
smartphone is the temporal synchronization of the data streams. RTK-
GNSS systems provide highly accurate positional data that is typically
output at a specific frequency, often in the range of 1 Hz to 10 Hz,
depending on the system and settings. Meanwhile, the smartphone’s
camera operates at a much higher frame rate, usually ranging from
30 Hz to 60 Hz or even higher in some cases. This disparity in data
output rates creates a problem for aligning the two streams in time.
To combine the RTK-GNSS data with the images captured by the

smartphone’s camera, it is crucial to synchronize the timestamps of

6
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both data streams. Any mismatch in timing between the GNSS po-
sition data and the camera images can lead to inaccuracies in the
resulting 3D models. If, for example, the positional data does not
correspond to the exact moment an image is taken, the final model
may contain errors in spatial alignment, leading to misrepresentations
of the real-world environment.

In addition to temporal synchronization, spatial calibration is another
significant challenge when combining the outputs from the two de-
vices. RTK-GNSS systems rely on satellite-based positioning, pro-
viding a precise 3D geospatial location in a world coordinate system,
usually referenced to a global standard such as World Geodetic System
1984 (WGS84) or a local coordinate frame. In contrast, the smart-
phone’s camera captures 2D images from its own local coordinate
system, with pixel coordinates that must be transformed into a 3D
spatial framework.

Since the RTK-GNSS and the smartphone operate using different co-
ordinate systems, it is essential to align their spatial references before
their data can be effectively combined. This requires a calibration
process to establish the relationship between the RTK-GNSS system’s
coordinates and the smartphone’s camera frame. The primary issue
here is that the RTK-GNSS system gives a precise 3D position in
world coordinates, while the smartphone’s camera gives a 2D image,
often accompanied by metadata such as its intrinsic parameters (focal
length, principal point, etc.) and extrinsic parameters (position and
orientation). To combine these two data sources, the camera’s po-
sition and orientation must be estimated relative to the RTK-GNSS

system’s global reference.

e Analysis of the algorithms for 3D reconstruction: Photogram-

metry is a crucial technique for 3D reconstruction of real-world en-

7
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vironments using 2D images captured by sensors such as cameras or
drones. When these images are georeferenced with RTK-GNSS data,
it becomes possible to create highly accurate 3D models, both in terms
of geometry and spatial positioning. RTK-GNSS data provides ex-
tremely precise geographical information, allowing each point in the
3D model to be linked to an exact location within a global or local
coordinate system. This ensures a high level of accuracy for applica-
tions in mapping, design, and environmental monitoring.

However, to improve the visual quality and efficiency of 3D recon-
struction from georeferenced images, advanced algorithms based on
NeRF and 3D-GS paradigm are emerging.

NeRF is a deep learning-based algorithm that represents a 3D scene
volumetrically rather than using traditional polygonal meshes. Using
a set of georeferenced 2D images, NeRF reconstructs the 3D scene by
modeling how light interacts with objects, allowing for photorealistic
images to be generated from any viewpoint. The strength of NeRF
lies in its ability to capture fine details, including complex lighting
effects, textures, and subtle gradients, making it especially useful for
applications like virtual reality, urban modeling, and realistic scene
simulation.

On the other hand, 3D-GS is a technique that uses point clouds repre-
sented by ” Gaussian splats,” which describe the spatial distribution of
each point. Unlike traditional meshes, which try to build a solid sur-
face, 3D-GS creates a smoother and more continuous representation
of the scene by using a series of points with Gaussian distributions to
represent the geometry and visual features of objects. This method
is advantageous in contexts where fast and precise reconstruction is
needed, such as 3D scanning projects or terrain analysis.

The integration of RTK-GNSS data with these advanced techniques
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ensures that the resulting 3D models are not only visually detailed
and realistic but also spatially accurate, with precise positioning in

the real world.

1.3 Innovative aspects

The research project has the final goal of generating a prototype that can
support the field inspection activities of technicians, enabling them to vi-
sualize in AR the underground services previously photographed and cat-
aloged during construction or maintenance (with open excavation). The
processing of a three-dimensional model of the work area from 2D photo-

graphic records allows for:

Visualization of the three-dimensional data in the back office, to perform
subsequent measurements or conduct virtual site inspections remotely. The
visualization on-site of the underground service using holograms superim-
posed on the real scene, thanks to the potential offered by AR technologies.
The use of the module derived from this research project will allow utility
companies to conduct as-built surveys entirely digitally, abandoning the
traditional approach based on manual data collection and paper surveys,
a process generally costly in terms of resource use. The digitization of the
process will also help minimize, and potentially eliminate, the errors that
occur with manual surveys, which can be significant when the graphic com-
plexity of the survey to be reproduced increases. A manual error results in
the generation of incorrect reports, consequently compromising the work

carried out by technical offices.
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1.4 Structure of the Thesis

In Chapter 2, I describe the state of the art (SOTA) regarding hardware for
MR purposes. I then analyze the SOTA for performing spatial calibration,
which is essential for creating a system that captures 3D scenes and enables
AR with multiple devices. Finally, I review the current algorithms used
for 3D representation of scenes.

In Chapter 3, I delve deeper into the problems to be solved explaining
in more detail what are the challenges. Chapter 4 presents a proposed
solution for capturing 3D scenes and location-based AR applications using
a smartphone and an RTK device. I analyze the spatial calibration and
temporal synchronization between the devices to achieve centimeter-level
accuracy, finally I introduce the realm of extended reality(XR), focusing
specifically on MR and its associated hardware. In Chapter 5, I discuss
the final reconstruction of the scene based on the data acquired with the
system presented in Chapter 4.

In Chapter 6, I introduce the project meta-trainer where I present the
advantages of MR devices and showcase a real solution developed for the
Xreal smart glasses [11], namely, the application called Trainreal, which is
now available on the Xreal store lab [12].

Finally, in Chapter 7, I summarize the conclusions of my work during

the Ph.D., analyzing future perspectives.
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Chapter 2

State of the Art

In this chapter, I analyze the state of the art both hardware and software

e Hardware analysis: Analysis of the hardware used for 3D recon-

struction and for MR purposes

e Capturing 3D scene: Analysis of the algorithms adopted for com-
bining more devices for AR purposes and for capturing 3D scenes with

high accuracy.

e 3D reconstruction algorithms: In this part, I analyze the algo-

rithms that are at the state of the art in 3D representation

2.1 Hardware analysis

2.1.1 Hardware for 3D Reconstruction

Creating 3D reconstructions requires a range of hardware components that
capture spatial data with high precision and details. For selecting the right
hardware the considerations of our use cases are crucial. A first analysis

of the possible hardware for 3D reconstruction:

e 3D scanners like the BLK360 [13] and RTC360 [14] from Leica offer ex-

cellent accuracy, with precision in the range of millimeters. However,

11



2.1. HARDWARE ANALYSIS CHAPTER 2. STATE OF THE ART

they present significant challenges in terms of cost and practicality for
field operations. These devices are expensive, making them a substan-
tial investment. Moreover, their use in the field is not very practical.
Operators need to move the scanners to various points to capture the
entire volume, which can be cumbersome and inefficient. This limita-
tion becomes particularly pronounced in excavation scenarios, where
frequent repositioning is required, reducing overall practicality and

efficiency.

Figure 2.1: Scanner are used in the field, Image taken by [2]

e Commercial hardware like for example, the Apple device iPhone equipped
with LiDAR (Light Detection and Ranging) offers an accessible op-
tion for 3D reconstruction as explained in this article 3], combining
affordability with acceptable precision for many tasks, achieving ac-
curacy within centimeters. This makes it a cost-effective alternative

for those needing reliable 3D scanning without the high investment of

12
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specialized devices. The output provided by the iPhone includes both
a depth image and an RGB image, facilitating detailed and textured
3D models. However, it remains a device that not everyone possesses,
limiting its widespread application. Despite its potential, the reliance
on owning an iPhone means it cannot be universally adopted across
all operators and organizations, especially in the Utility sectors which

are the most common clients of Arcoda.

Figure 2.2: An iPhone with LiDAR, with the representation of the depth map, image
taken by [3]

e A simple smartphone represents the best-case scenario in terms of
cost, as most companies already provide one to their operators. It
captures a stream of RGB images with all the sensor’s information,
but it does not have a depth camera in most cases. However, the
challenge lies in the need for robust software to ensure reliable 3D re-
construction. This software must effectively utilize the smartphone’s

internal sensors to extract scale information and other necessary data.
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While this approach leverages existing hardware, the reliance on soft-
ware presents a hurdle that must be addressed to achieve accurate

and practical 3D reconstructions.

e Drones as proposed in used for 3D reconstructions typically cap-
ture data from altitudes ranging between 50 and 120 meters an exam-
ple 2.3 acquiring high-resolution RGB imagery. They are designed
for covering extensive areas, making them ideal for large-scale sur-
veys rather than for achieving high-ground resolution. Consequently,
while drones can efficiently collect data over broad regions, the level
of detail might not be sufficient for applications requiring fine ground
resolution. Additionally, drones cannot be used in densely populated
urban areas due to regulatory restrictions, limiting their application

to more open and less regulated environments.

Figure 2.3: An example of images drone acquisition, for 3D reconstruction, image taken
by [4]

14



CHAPTER 2. STATE OF THE ART 2.1. HARDWARE ANALYSIS

2.1.2 Hardware for Mixed Reality purposes

Lastly, I analyze the hardware currently available for rendering the recon-
structed model in the real world. The use of smart glasses and smart-
phones for outdoor AR applications offers distinct advantages and chal-
lenges. Smart glasses, particularly those with optical see-through tech-
nology, provide a more immersive and hands-free AR experience. These
glasses overlay digital information directly onto the user’s field of view,
allowing for seamless integration of virtual elements with the real world.
This can be particularly beneficial for navigation and situational awareness,
as users can receive real-time directions or information without needing to
be distracted by external stimuli. However, smart glasses often come with
limitations such as short battery life, higher cost, and potential issues with
the field of view compared to smartphones. On the other hand, smart-
phones offer a more versatile and cost-effective solution. They have larger
screens, more powerful processing capabilities, and longer battery life, but
require users to hold or interact with the device, which can be cumbersome
and less immersive.

Now, I provide an in-depth analysis of the most valuable smart glasses
for the use cases that I have analyzed. I am focusing on the analysis of
optical see-through devices because they are safer, and they guarantee that
users do not lose touch with reality through their semi-transparent screen
where holograms are projected. Starting from Xreal [11] represents a new
generation of smart glasses that emphasize lightweight design and external
computational power through integration with compatible smartphones.
This approach is the same for the Original Design Manufacturer (ODM) of
Snapdragon [16], which similarly uses lightweight smart glasses connected

to mobile devices to leverage advanced computing power without burdening
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Figure 2.4: Smart glasses VS Smartphone for Location-based Augmented reality

the user. A distinctive feature of Xreal is its enhanced robustness for out-
door scenarios, thanks to darker lenses that improve visibility by reducing
glare in bright environments. Another big player in the smart glasses world
is Microsoft’s HoloLens 2 [17], which takes a completely different approach
compared to the previous smart glasses. It is a standalone device with all
the necessary hardware integrated, providing a complete AR experience
but with the trade-off of being bulkier and heavier. While HoloLens 2 is
suitable for industrial indoor applications, Xreal and Snapdragon Space are
ideal for users who prefer more portable and versatile solutions, allowing

them to utilize their smartphone’s power for AR applications.
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Figure 2.5: Xreal smart glasses setup

Figure 2.6: Test on the Hololens gesture recognition capability
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The smart glasses offer a new way to interact with the digital infor-
mation, particularly through gestures. This method of interaction is more
natural than the usual way of interacting with smartphones. The device
needs to understand the precise pose of the hands, in the 3D world. The
algorithm of the Hololens 2 has shown more precision compared to the
Xreal (which is the new name the old one is Nreal) and Qualcomm’s Snap-
dragon Spaces on this task because it has more cameras including one depth
camera which represents a big advantage in the pose estimation process.
Despite that, the other two devices are closing the gaps by improving their
algorithms, exploiting the depth extracted from the stereo vision, or using
Al

2.2 Capturing the 3D scene

Capturing the 3D scene involves collecting information about the environ-
ment from different perspectives usually appearance and spatial data. This
can be achieved by combining different hardware spatially and temporally,
for example, an RTK-GNSS device and a smartphone, the first device offers
an accurate positioning around sub-centimeters, by utilizing satellite sig-
nals corrected through reference stations, this ensures accurate positioning
with respect to the geographic coordinates system (GCS). The smartphone
instead is the device responsible for the acquisition of the images, but it
can also catch spatial data. Usually, the spatial data are collected by ex-
ploiting algorithms like Vi-SLAM, which combines Inertial Measurement
Unit (IMU) sensors and images to track the smartphone movement in 6-
DoF (position and rotation). Combining these two devices in a rigid body
the final goal is to estimate the pose or the position and the rotation of
the smartphone relative to the RTK-GNSS system. This information al-

lows us to estimate the pose of the images collected by the smartphone
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with respect to the RTK-GNSS system reference, this data helps the final
reconstruction algorithm to achieve better accuracy in the final 3D repre-
sentation and also locates the representation relative to the GCS. For this

purpose, I analyze the SOTA regarding this list of topics:

e Spatial calibration procedures between smartphone or smart glasses
and the RTK-GNSS receiver;

e Improvement of relocalization for location-based AR for centimeter

accuracy;

e Calibration exploiting markers and motion capture systems between

the camera and GNSS receiver;

e Temporal synchronization between smartphone/smart glasses and RTK-
GNSS receiver.

The combination of RTK-GNSS and Vi-SLAM [18] is primarily driven
by the demand for precise integration of vision-based solutions with posi-
tioning systems, as required in fields like robotics and autonomous driving.

Vi-SLAM, which enables simultaneous localization and mapping, uses
the input from IMU and from the camera to capture visual information and
then processes this data to build a 3D map of the environment. The system
tracks key features within the images as the camera moves, identifying
changes in perspective to estimate the device’s movement (localization)
and reconstructing a spatial model of the environment (mapping). When
the algorithm starts working on the device, it can track its movement
concerning the device’s initial position in 6-DoF. This algorithm can exploit
different sensor data to achieve its goal like RGB camera, depth camera,
and IMU.

When the Vi-SLAM is integrated with RTK-GNSS, it can directly in-

terface with the real-world GCS. It is important to recognize that the com-
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bination of these two distinct technologies can introduce errors. Therefore,
it is crucial to rigorously assess the accuracy of this combined system, es-
pecially concerning the orientation relative to the gravitational axis. This
accuracy is crucial, particularly in the context of location-based AR appli-
cations, because can introduce a misalignment of holographic data in the

real world.

2.2.1 Spatial Calibration analysis

To address the spatial calibration procedure, various solutions have been
proposed in the literature; the authors in [19] and [20] introduce an AR
application which, coupled together with a tablet enclosure withstanding
all the necessary sensors, allows to visualize the utility lines underground
with a very high degree of accuracy. Their goal is to couple the GNSS
receiver and a smart device.

Another solution is proposed in [21], where Patias et al. state that, to
achieve a seamless AR experience, they require a precise pose estimation.
Here, all the parameters of the optical system are needed, including the
GCS position and the values for the IMU (pitch, yaw, roll). Putting to-
gether the position from the GNSS device and the orientation from the
IMU allows to represent a 6-DoF pose with respect to the sensors. The
authors still rely on hand-eye calibration to obtain the pose of the camera
system, leading to high precision in rotation (around 1 degree), but quite
poor in translation (below 20cm).

In [22], Mercier et al. discuss the problem of location accuracy in the
fruition of AR and compare experiences based on the smartphone GCS
data with the ones based on RTK-GNSS receiver data. For a precise ori-
entation, they record seven positions from the GNSS system, and their
displacement is compared with the local AR displacement estimated by
the SLAM algorithm. Then, they use the Helmert transformation to de-
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rive a rotational matrix and a 3D translation vector. In this way, they
do not require any magnetometer or IMU, and they can correlate the AR
positions with the GCS. Unfortunately, this is a very recent work and the
results are only preliminary. For example, no detail is provided in terms
of the calibration between the RTK-GNSS receiver and smartphone. The
most relevant works dealing with calibration are the ones proposed in [23].
Here, the author uses a MoCap with retro-reflective markers to obtain a
reliable transformation matrix between a robot and a camera, reaching
centimeter-level accuracy. In these two works they exploit visual markers
like ChArUco [24] targets, on top of which the retro-reflective markers are
attached. Below I provide a more in-depth explanation of each paper cited

previously.

2.2.2 Major Works in the Field

"LARA: a location-based and augmented reality assistive system for under-
ground utilities’ networks through GNSS”

In the paper by E. Stylianidis et al. in [19], the authors present the LARA
project, co-funded by the European Commission, which addresses the grow-
ing need for accurate positioning systems in the utilities and construction
sectors. These industries require precise tools to facilitate work and min-
imize damage to existing infrastructure during maintenance or expansion
projects. The LARA project aims to develop both hardware and soft-
ware solutions to meet these needs, using a tablet paired with an external
RTK-GNSS receiver and an IMU [19].

The core of the LARA system is its ability to handle geospatial data
for underground utilities, such as water, gas, electricity, and sewerage,
stored in a GIS geo-database. The GNSS and IMU components are used to
precisely determine the user’s position and orientation. The AR component

renders 3D models of the underground utilities, allowing users to visualize
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the infrastructure beneath the ground.

The project emphasizes the importance of integrating GIS capabilities,
which are essential for managing and visualizing geospatial data. These
tools are also cost-effective, helping companies save 10 to 30 percent on
operational expenses. The focus is on developing a mobile GIS solution
that enables on-site data capture, storage, manipulation, and analysis.

For pose estimation, the LARA system utilizes a high-end RTK-GNSS
receiver and a high-precision IMU, which together provide accurate posi-
tioning in 6-DoF": latitude, longitude, altitude, pitch, yaw, and roll. This
setup can achieve up to 20 c¢m accuracy in translation and 1 degree in
rotation. If the pose accuracy is insufficient, a photogrammetry module
allows users to manually define control points to refine the positioning.

Once the user’s pose is accurately determined, the AR engine uses this
information to render holograms of the underground utilities in the correct
position and orientation within the scene. This step also involves the use
of a calibration matrix to align the camera with the GNSS receiver.

Overall, the LARA system significantly enhances on-site work by pro-
viding a clear, intuitive visualization of underground utilities through AR,
improving both safety and efficiency. However, the paper lacks detailed
technical information, particularly regarding the calibration process be-

tween the camera and the GNSS receiver used in the AR engine.

” Augmented Reality Geo-visualization for Underground Utilities”

In their updated paper, E. Stylianidis et al. build on their previous work by
focusing more on the AR aspect of the LARA project [20]. They start by
comparing popular AR Software Development Kits (SDKs) such as Wiki-
tude, Vuforia, Layar, ARKit, and ARCore. The paper details how camera
pose estimation is improved using hand-eye calibration, which accurately
transfers pose data from the RTK-GNSS receiver and IMU to the camera’s
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coordinate system, achieving up to 1 cm accuracy in translation and 1 de-
gree in rotation. This refined pose information is then utilized in their AR
engine, which is based on Unity. The system integrates the camera pose
with mobile GIS data, rendering 3D models and overlaying them onto the
camera feed to provide an augmented view.

The paper also addresses some limitations of the current LARA sys-
tem. Despite improvements, the translation error remains under 10 cm,
which, while better than smartphone GNSS devices, is still higher than
the potential accuracy of the RTK-GNSS receiver. Additionally, the sys-
tem currently operates at a frame rate of just 1 frame per second, which
limits the AR experience. The authors aim to enhance this to 25 Hz for
a smoother AR experience but note that achieving this depends on the
effective fusion of IMU and GNSS data—a challenge they acknowledge but

do not fully elaborate on.

”Robust pose estimation through Visual-GNSS mixing”

In this paper P. Patias et al., dive deeper into the pose estimation and the
calibration procedure adopted for Project LARA [21].

They state in more detail that, given a GNSS and an IMU sensor, it is
possible to compute the camera pose through a calibration procedure. In
this specific case, they define the ”lever arm offset” as the spatial vector
difference between the center of the RTK-GNSS receiver’s phase and the
camera system’s origin. In the same way, they define the "bore-sight cal-
ibration” as the rotation misalignment between the IMU and the camera
frame. According to the authors, the former calibration component can be
computed using land surveying techniques or photogrammetry approaches,
while the latter can be calculated by aerial triangulation or photogramme-
try approaches.

Later the authors discuss how the calibration procedure for the project
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LARA was performed using a photogrammetry approach under laboratory
conditions for the lever arm offset. Unfortunately, they do not give any
information on how the calibration component for the bore-sight misalign-

ment was computed.

”BiodivAR: A Cartographic Authoring Tool for the Visualization of Geolo-
cated Media in Augmented Reality”

In their study, J. Mercier et al. explore how using only GNSS affects
the user experience in location-based AR applications compared to RTK-
GNSS [22]. They confirm a key point of this thesis: the accuracy of smart-
phone internal GNSS receivers is often inadequate for effective location-
based AR. While internal GNSS can reach about 1 meter accuracy in ideal
conditions, it can easily degrade to over 10 meters, making AR applications
impractical. This inaccuracy is a significant factor in the usability issues

commonly associated with AR technology.

To address this, the authors suggest using a low-cost external RTK-
GNSS receiver for improved accuracy. They avoid using an external IMU
due to the potential inaccuracies in yaw angle from small-scale sensors.
Instead, they continue using the internal IMU for pitch and roll, which
are reliable due to their dependence on gravity. For yaw, they use a novel
method combining SLAM data with RTK-GNSS geolocation data. By
logging displacement and absolute geolocation data, and using geometric
similarity transformations on seven data points, they can accurately deter-
mine orientation and position without needing magnetometers. However,
the paper does not address calibration issues, either spatial or temporal,

and relies on the average accuracy of their uncalibrated solution.
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” A High-Precision Localization Device for Outdoor Augmented Reality”

In this paper, M. Stranner et al., introduce the sensor-cube, a system
developed appositely to empower location-based AR applications with a
high-end sensor unit built for an affordable price [25]. This unit poses
itself as a solution to the inaccurate consumer-grade sensors present in
smartphones, which, according to the authors are insufficient to handle
most of the location-based AR experiences. Indeed, this sensor allows it to
reach centimeter-level accuracy thanks to the combination of sensors such
as a differential GNSS receiver, an altimeter, an inertial measurements
unit, and a WiFi radio module for communication. This device is small, it
weighs only 40 grams and it can be easily attached to the device used to
run the AR experience.

The tests carried out by the authors on the field show very good results
for their proposed solution, with an accuracy that is only 2 cm distant
from the one of a differential GNSS receiver. Unfortunately, this accuracy
refers to the quality of the position measured by their sensor cube, but no
calibration was performed between the sensor cube and the smartphone.
Indeed, the authors state that performing a calibration between the two

devices would be beneficial and that this will be one of their future works.

”Extrinsic Calibration of Camera and Motion Capture Systems”

In their paper, P. Ganesh et al. introduce a new calibration method that
uses MoCap systems, MoCap markers, and a ChArUco board to estimate
the positional and rotational offsets between a camera’s optical frame and
a nearby reference frame defined by a MoCap marker [23]. ChArUco refers
to a checkerboard pattern that combines both ArUco markers and a tra-
ditional checkerboard, used for extrinsic camera calibration and pose esti-

mation. Their method involves calculating four key poses to determine the
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transformation matrix between the camera’s optical frame and the camera
marker frame. The four poses are the pose of the camera optical frame
w.r.t. a fiducial marker ChArUco board placed in front of it, the pose of
the fiducial marker ChArUco board w.r.t. some MoCap markers installed
over it, the pose of the MoCap markers on the fiducial marker ChArUco
board w.r.t. the MoCap global reference system and the pose of the camera

marker frame w.r.t. the MoCap global reference system.

e Camera to fiducial marker(ChArUco): First, they determine the cam-
era’s pose relative to the ChArUco board placed in front of it using
OpenCV to process the camera’s video stream. This gives a trans-
formation matrix, representing the camera’s pose in the ChArUco

board’s reference frame.

e ChArUco to MoCap markers: Next, they manually measure the trans-
formation matrix between the ChArUco board and the MoCap mark-
ers attached to it. This matrix updates the camera’s pose from the

fiducial marker’s reference frame to the MoCap markers’ frame.

e MoCap markers to MoCap system: The transformation matrix be-
tween the MoCap markers and the global MoCap system is computed
directly using the MoCap system, which then updates the camera’s

pose to the global MoCap reference frame.

e Camera marker frame to MoCap system: Finally, they compute the
transformation matrix for the camera marker frame relative to the

MoCap system.

The final calibration transforms are calculated by combining the trans-
formation matrix obtained in each step, which allows them to convert the
pose from the camera marker frame to the camera’s optical frame. To en-

sure accuracy, the final calibration is averaged over more than 1000 mea-
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surements, removing outliers to reduce noise. This averaged calibration
matrix is then used to refine the pose estimations and calculate the repro-
jection error, evaluating the calibration’s accuracy. The reprojection error
is the Fuclidean distance between the projected 3D point using the camera
estimated parameters and the actual 2D point in the image captured by

the camera.

Despite its effectiveness, the authors note challenges including time syn-
chronization between MoCap and the data acquired by the OpenCV, ma-
trix inversion approximations, noise amplification, and manual estimation
in the second step. Their work informs this thesis, which aims to simplify

the calibration procedure.

ChArUco board-based omnidirectional camera calibration method

Gwon et al. in [24] propose a novel omnidirectional camera calibration
method utilizing a ChArUco board-based cube structure to simplify the
traditionally complex calibration procedures. Their approach employs
ChArUco markers, which combine ArUco markers with a chessboard pat-
tern, to accurately determine 2D and 3D coordinates of feature points.
This method eliminates the need for extensive adjustments to mirror an-
gles or multiple calibration boards, allowing for both intrinsic and extrinsic
calibrations. Intrinsic calibration is achieved by estimating the perspective
projection matrix for each camera, while extrinsic calibration can be per-

formed even if only part of the calibration structure is visible.

Experimental results demonstrate the effectiveness of their approach,
yielding an average re-projection error of 0.37 pixels for intrinsic parame-
ters. For extrinsic parameters, the method achieved a mean absolute error
of 0.90° in rotation and 1.32 mm in translation, outperforming conventional

methods in terms of accuracy and reliability.
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2.3 3D Reconstruction algorithms

3D reconstruction is crucial in fields like construction, excavation, and
worksite management. In our scenario we focus on the Utilities use cases,
so the excavation one. Employing multi-view reconstruction techniques,
scenes are captured from various angles using 2D images. This enables
detailed monitoring of the project progress and provides the ability to
virtually navigate sites, both during and after completion, utilizing georet-
erencing and virtual reality. I focus on a comparison of three approaches
for 3D scene representation: the photogrammetry method, which offers
an explicit representation of the 3D structure using point cloud and mesh;
NeRF, which relies on a neural network for an implicit representation aimed
at view synthesis; and the latest evolution in view synthesis, 3D-GS, which

creates an explicit 3D representation using Gaussians.

2.3.1 Background

Photogrammetry enables the conversion of 2D images into comprehensive
3D models, including point clouds and textured meshes, enabling advanced
spatial analyses.

However, the application of photogrammetry reconstruction encounters
several challenges, particularly when dealing with objects characterized by
complex optical properties such as high absorbency, reflectivity, or scat-
tering. These methods can also suffer from variance in lighting conditions,
including shadows, glare, or inconsistent illumination, as well as from sur-
faces with uniform or repetitive textures and complex shapes or geometries.

In this context, NeRF-based technologies that rely on neural networks
emerge as cutting-edge solutions for solving some of these inherent lim-
itations. They rely on an innovative scene representation that contains

particles, each of them characterized by density and color. One of the
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most promising approaches is NeRFacto, a variation of InstantNGP avail-
able in NeRFstudio.

Another alternative to the NeRF-based approach is 3D-GS which solves the
same task but uses an explicit representation made by Gaussian without

using a neural network.

2.3.2 Photogrammetry

Among the most common photogrammetry solutions for 3D view recon-
struction, I focus on COLMAP [26] because of its open-access policy, its
widespread adoption, and an active community working on it. COLMAP
is an open source state-of-the-art photogrammetry software that has be-
come a critical tool for 3D reconstruction from 2D imagery. Developed by
Johannes L. Schonberger, it has gained recognition for its robust and auto-
mated structure-from-motion (SfM) and multi-view stereo (MVS) pipeline.
COLMAP excels through its integration of advanced computer vision algo-
rithms, such as the Scale-Invariant Feature Transform (SIFT) for feature
detection and matching, and bundle adjustment for optimizing camera pa-
rameters and 3D structures. Its user-friendly design supports a wide range
of applications, including cultural heritage documentation, robotics, and
other computer vision research. Notably, COLMAP’s flexibility allows it
to scale from small datasets to large, complex scenes involving thousands of
images, providing high accuracy and adaptability. This makes it a bench-
mark tool in photogrammetry, often serving as the foundation for compar-

ative studies and further algorithmic advancements in 3D reconstruction.

2.3.3 Neural Radiance Fields

NeRF have emerged as a significant advancement in the field of 3D scene

reconstruction. The scene is represented with a novel 5D function. This
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function correlates each spatial point (z,y, z) with the radiance emitted in
any direction, defined by azimuthal and polar angles (6, ¢). The outcome,
characterized by volume density ¢ and RGB color values ¢, varies with
the viewing direction. This relation is formulated through the Multi-Layer

Perceptron (MLP) Fy, expressed as:

Fy: (x,d) = (c,0) (2.1)

where x = (z,y, z) denotes the coordinates within the scene, and d (6, ¢)
represents the 3D Cartesian unit vector indicating the direction. The color
c = (r, g, b) shifts with the viewing angle, while o, denoting volume density,
remains invariant. The usage of neural volume rendering pipelines, over
traditional point clouds or meshes, enables the modeling of variations in
color and illumination. Since its debut in 2020, NeRF has found applica-
tion in diverse research areas, from urban mapping and robotics to human
pose estimation. Its adaptability includes evaluating 3D reconstructions
through metrics such as noise level, geometric accuracy, and the requi-
site number of images for effective reconstruction. InstantNGP [27], short
for Instant Neural Graphics Primitives, is a variant that enhances NeRF’s
framework to expedite scene reconstruction significantly. By refining the
neural network’s architecture and computations, InstantNGP facilitates
quicker achievement of high-quality results, positioning it as a viable op-
tion for real-time applications. This advancement expands NeRF’s capa-
bility in 3D reconstruction, offering increased applicability and efficiency
in capturing intricate scenes.

Building upon these foundations, NeRFStudio introduces an innovative
platform designed to streamline and enhance the creation and manipulation
of NeRF-based models. At the heart of NeRFStudio’s methods is the NeR-
Facto model, which incorporates insights from state-of-the-art research, in-
cluding pivotal works such as MipNeRF-360, Instant-NGP, NeRF-W, and
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Ref-NeRF. NeRFacto’s focus is on optimizing camera views and sampling
processes, utilizing a piece-wise sampler and a proposal network sampler
for efficient and effective scene reconstruction. Additionally, it employs a
novel scene contraction technique and a refined NeRF field that incorpo-
rates appearance embeddings and normal predictions, all implemented in
PyTorch for ease of use and customization. This method not only acceler-
ates the reconstruction process but also improves the fidelity and versatility
of the generated scenes, marking a significant leap forward in the practical

application of NeRF technologies.

NeRFStudio introduces an innovative platform, leveraging the NeR-
Facto model, to streamline NeRF-based model creation and manipula-
tion. NeRFacto integrates insights from very recent research, including
MipNeRF-360 [28], Instant-NGP [27], and Ref-NeRF [29], focusing on op-
timizing camera views and sampling processes. It employs a piece-wise
sampler and proposal network sampler for efficient scene reconstruction,
alongside a scene contraction technique and refined NeRF field with ap-
pearance embeddings and normal predictions. Implemented in PyTorch,
this approach accelerates reconstruction, enhancing scene fidelity and ver-
satility, representing a significant advancement in NeRF technology’s prac-

tical application.

2.3.4 3D Gaussian Splatting for Real-Time Radiance Field Ren-

dering

3D-GS [10], a novel approach to scene representation, contrasts with neural
fields by optimizing an explicit point-based scene model. Each point in
this representation is associated with various attributes: a position p €

R3, opacity o € [0, 1], third-degree spherical harmonics (SH) coefficients
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k € R 3D scale s € R?, and 3D rotation R € SO(3) represented by 4D
quaternions ¢ € R*. Rendering to the image plane involves accumulating

the color cgg from correctly-sorted points using the equation:

N j—1

cgs = Z cja;T; Where T; = H(l — ;) (2.2)

j=1 i=1
with ¢; determined by SH coefficients & and «; calculated from the pro-
jected 2D gaussian with covariance ¥/ = JMYXMTJT | incorporating per-
point opacity o, viewing transformation M, and Jacobian J of the affine
approximation of the projective transformation. The 3D covariance ma-
trix > ensures positive semi-definiteness through the scale matrix S =
diag(sy, s, s3) and rotation R, following ¥ = RSSTRT.

Building upon the principles of 3D-GS, SuGaR [30] leverages gaus-
sian functions to model object surfaces within a scene, achieving preci-
sion in handling occlusions and detailed surface texturing through gaussian
"splats” projected onto a volume grid. Each splat influences the volume’s
density and color, based on its spatial location and gaussian distribution,

described mathematically as:

1 1 Tl
Gl ) = ey (—§<x TR (x m) (2.3

In Eq. x denotes a point in space, x4 the mean location (center of
the splat), and ¥ the covariance matrix shaping the Gaussian distribution.
SuGaR’s method for accumulating multiple splats across a scene constructs
a volumetric representation capturing density and color information, en-

abling precise shading and depth rendering.
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Chapter 3

The Problem

3.1 The Solution at a Glance

To provide clarity, the first part presents briefly the final solution to better
understand the problems I have encountered. The final solution that I
have built consists of a smartphone combined with an RTK-GNSS device.
As an RTK-GNSS device I started to build the prototype for the Stonex
S850A [31], I bound the two devices creating a first structure with a 3D
printer and the result is in Fig/5.2]

Starting from this prototype where the devices are locked in a unique
rigid body, the next step is to perform spatial and temporal calibration or

synchronization. Our solution can be summarized as follows:

e Spatial calibration of the RTK-GNSS and the camera of the smart-
phone, conducted offline using a MoCap in Fig. [3.2 which is a device
composed by a series of synchronized cameras, which are able to track

some retroreflective markers with millimeter accuracy.

e Analysis and characterization of the temporal delay between the pack-
ets coming from the RTK-GNSS device and the packets generated by

the smartphone;
e Computation of the geometric transformation between the camera

33



3.1. THE SOLUTION AT A GLANCE CHAPTER 3. THE PROBLEM

Figure 3.1: Custom bracket for the camera and RTK-GNSS device (left), with an indica-
tion of the reference coordinate systems (right), for the RTK-GNSS and the smartphone.

The X-axes are in red, the Y-axes in green, and the Z-axes in blue.

of the smartphone and the GNSS(Global Navigation Satellite Sys-
tem) device, exploiting Visual Simultaneous Localization And Map-
ping (Vi-SLAM) to reconstruct the relative translation when the
RTK-GNSS device is covered and it is not able to provide a reliable
GNSS position.

Finally, once the prototype is ready I can use the data acquired by the
device (images with geographic coordinates system information) to create
a 3D reconstruction.

I evaluate algorithms for 3D reconstruction, the goal is to understand
which one works better for our use case and evaluate the possibility of

adopting it for industrialization purposes. For this reason, I have chosen
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Figure 3.2: The type of MoCap that we have used in our work

3 algorithms: COLMAP which is based on photogrammetry, Instant-
NGP which is an evolution of NeRF and finally a method-based on
3D-GS called Surface-Aligned Gaussian Splatting (SuGar) for Efficient 3D
Mesh reconstruction and High-Quality Mesh Rendering) [30]. I evaluate
these three methods in terms of qualitative reconstruction, hardware needs,
and reconstruction time.

After a brief introduction to the solution, the remainder of this chap-
ter presents in-depth analysis of the problem encountered in this thesis,
offering a detailed examination of the issue. Below is a list of the main

challenges that I have addressed:

e Identification of the hardware; given the constraints the final pro-
totype has to be usable by an operator in the field, can get a 3D
reconstruction with centimeter-level accuracy; and finally be able to

display AR content over imposed on the real world.

e Combination of hardware for collecting image streams, and at the
same time getting the relative pose with respect to the GCS requires

constructing a structure that holds the two devices in a unique rigid
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body.

e Identification of the type of spatial calibration, starting from the hy-

pothesis that this procedure has to be performed only once.

e Estimation of the temporal delay between the two sources of informa-
tion: the smartphone and the RTK-GNSS device

e Selection of the best algorithm for 3D reconstruction to adopt consid-

ering our scenarios.

3.2 Hardware Identifications

The analysis of the possible hardware for acquisition involves the verifica-
tion of the usability of this hardware on the field. It has to comply with

several requisites, including:
e The possibility of acquiring a streaming of images
e The capability to acquire high-accuracy GNSS data
e The capability to display digital information over-imposed on the field

e Usability everywhere especially in the outdoor scenario without secu-

rity problems

3.3 All Components as a Rigid-body

The devices to be combined are the RTK-GNSS receiver, which is respon-
sible for acquiring positional data relative to the GNSS reference system,
and a smartphone, which gathers GNSS information from the RTK device

while simultaneously capturing image streams.
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Figure 3.3: A screenshot acquired from the final application that shows the over-

imposition of the holograms in the real world

To merge these devices I need to design a structure that securely holds
both devices in a fixed position. This structure has to ensure that if the
devices are separated and later reassembled, they will return to their exact
original positions. This consistency allows for a stable transformation ma-
trix that relates the pose of the RTK-GNSS receiver’s center of phase to
the pose of the smartphone’s camera. By applying the translation vector
and rotation matrix defined by this transformation matrix computed dur-
ing the spatial calibration procedure we can accurately transition between

the poses of the two devices.

This ability to switch between device poses will be crucial in the sub-
sequent process, enabling the placement of AR assets in the space based
on RTK-GNSS receiver measurements, and their visualization from the

smartphone’s current camera pose.
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3.4 Spatial Calibration

The spatial calibration problem involves calibrating the two devices, and
aligning their respective coordinate systems so they can operate in the
same physical space. In this case, the two coordinate systems are the
camera, which is used for frame acquisition, and the RTK-GNSS device,
which acquires the GNSS position.

The final goal is to estimate the camera’s pose relative to the RTK-
GNSS system reference, and ultimately relative to the GCS.

This problem is quite common in fields such as AR, robotics, or multi-
camera systems. The general approach for calibrating two devices involves

the following steps:

e Define a Common Coordinate System Select one device to be
the reference and align the other device’s coordinate system to this
one. Another possibility could be to use an external reference system
where both the devices have ground points, that could be exploited for

estimating their pose inside this external coordinates system reference.

e Collect Correspondence Points: Identify or create known physi-
cal points in the environment that are visible or measurable by both
devices. These points should have fixed and known locations in the
world coordinate system. Once the points are fixed, the final step is

to collect those points and record the position from both devices.

e Compute the Transformation: At this point, the goal is to re-
trieve the transformation matrix, which consists of three components:

translation, rotation, and scale factor.

The transformation can be summarized with the following formula:

Pdevice2 =R- Pdevicel +T

38



CHAPTER 3. THE PROBLEM 3.5. TEMPORAL SYNCHRONIZATION

where:

— Pevice1 18 @ point in the first device’s coordinate system,

— Pevice2 18 the corresponding point in the second device’s coordi-

nate system,
— R is the rotation matrix,
— T is the translation vector.
e Apply and validate the transformation: Convert the points (or

the poses in the case of 3D models) from one system to the other and

validate the accuracy of the transformation

Figure 3.4: An example of visual pattern used for the extrinsic calibration of cameras

3.5 Temporal Synchronization

Since the goal is to combine the data provided by two different devices, it
is very important to sync the two streams of data at the temporal level.
The first challenge I need to address is estimating the delay between the
two data sources. This involves characterizing the delay from a statistical

viewpoint. As the next step, I must develop an algorithm that allows us to
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fuse these two types of data, taking into account the statistical distribution
of the delay.

3.6 3D Reconstruction of a Scene

The ability to digitize a scene in 3D has unlocked the potential not only
in terms of visualization but also for interaction, taking measurements,
create projects directly in the 3D digital world. As more companies delve
into this world, they increasingly seek solutions that leverage these types
of content. The research community is dedicating significant resources
to developing new algorithms to meet this demand. Today, frameworks
such as photogrammetry, which has long been known for reconstructing
3D scenes, are widely used. In recent years, new algorithms like NeRF,
created for view synthesis, have emerged, followed by 3D-GS, which builds

on its foundation.
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Figure 3.5: A screen acquired from a 3D-GS viewers about an excavation

In our context, we have to analyze the state of the art and identify the
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algorithm for 3D representation, that best suits our specific requirements
and use cases. The algorithm must be applicable in contexts involving
external acquisitions, such as those found in excavation sites. It must
be robust, capable of generating a measurable model, and maintain an
acceptable level of visual quality. Additionally, the output format should
be compatible and supported in real-time on the device used for AR content

management.
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Chapter 4

Capturing 3D scenes

The 3D digitalization of contents and their visualization using AR has
gained significant interest within the scientific community. Researchers
from various fields have acknowledged the potential of these technologies,
actively exploring the ability to provide users with easy access to digitized
information, by seamlessly integrating content directly into their field of
view. One of the most promising ways to approach the problem in out-
door scenarios consists of the so-called location-based AR, where contents
are displayed to the user by integrating satellite positioning (GNSS) and
inertial (IMUs) sensors. Although the number of application fields is nu-
merous, the accuracy of the over-imposition of contents in the virtual view
still hinders the widespread adoption of such technologies. In this chapter,
I propose the combination of a GNSS device equipped with RTK, and a
regular smartphone. To this aim, we implement a novel offline calibration
process that leverages the potential of a MoCap. The proposed solution is
capable of ensuring temporal consistency and allows for real-time acquisi-
tion at centimeter-level accuracy. AR enhances the perception of the world
through the integration of virtual objects inside the user’s field of view.
It can be exploited in many diverse fields, including gaming analysis [34],

construction [35], education [36], cultural heritage [37]. When dealing with
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AR, two main approaches can be adopted: location and marker-based solu-
tions. Marker-based AR [38] requires the user to point at a predetermined
physical object, such as a code or an image, so that the device recognizes it
and overlays the desired content. Location-based AR [39], instead, exploits
a combination of the device’s geographic location and IMU to locate the
device (i.e., the smartphone) in the environment, and consequently display
and position the virtual content correctly. Nowadays, location-based so-
lutions suffer from several limitations; in particular, the GPS is affected
by multipath errors and atmospheric conditions including ionospheric and
tropospheric delays [40]. Moreover, the accuracy of the available IMUs is

often sub-optimal for orientation calculations.

The primary objective of this chapter is to develop a system that can
accurately estimate the orientation and position of the camera with respect
to the GCS. The goal is to achieve high positioning accuracy and super-
impose holograms with centimeter-level precision in outdoor scenarios. By
attaining this level of accuracy, we enable a wide range of applications, in-
cluding the collection of datasets consisting of images and their respective
poses, accurately positioned in the GCS. There are many solutions based
on Visual Position Systems (VPS) [41] to obtain global localization (as
the works in [42] [43]). These solutions, however, require prior knowledge
of the environment because they rely on the visual characteristics of the

scene, and it is not always possible to gather this piece of information.

Therefore, while it would be convenient to use a single device, such as
a smartphone, it is worth noting that the enclosed internal GPS is unfor-
tunately not accurate enough. Smartphones use a single satellite network
to provide location data and can reach an accuracy in the range of a few
meters. On the other hand, RTK-GNSS positioning, uses a combination of
GPS and Global Navigation Satellite systems (GNSS) such as GLONASS,
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Beidou, and Galileo, together with a base station, which sends the cor-
rection of the measurement to the RTK device. This correction mitigates
the imprecision of a standard GNSS device, allowing it to reach accurate
positioning of the objects. An RTK system needs specialized hardware
and software to work, and it is not currently available in consumer-grade
smartphones. However, integrating two different hardware components, in
our case a smartphone and an RTK-GNSS device, poses several challenges,
in particular, related to spatial calibration and temporal consistency.

Our contributions can be summarized as follows:

e Spatial calibration of the RTK-GNSS and the camera of the smart-
phone, conducted offline using a MoCap system [44];

e Analysis and characterization of the temporal delay between the pack-
ets coming from the RTK-GNSS device and the packets generated by

the smartphone;

e Computation of the geometric transformation between the camera of
the smartphone and the GNSS device;

e Evaluation of the performances of our system in terms of orientation

accuracy around the gravity axis.

The source code of the project is made available in our GitHub reposi-

toryﬂ

4.1 GNSS System

This section delves into the key concepts of localization using GNSS tech-

nologies, providing a foundation for understanding how the integration of

Thttps: //github.com /Lorenzoarc/Spatial-Temporal-Calibration-for-Outdoor-Location-Based-
Augmented-Reality
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Figure 4.1: Architecture of the proposed solution: we present all the components of our
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system and we highlight the role of the spatial and temporal calibration in our flow.
T(MCST — MCSP) represent the spatial transformation between the RTK GNSS and
the smartphone; AR, GR, POSE represent, respectively, the ARcore packets from the
smartphone, the RTK packets, and the final pose calculated, which will be assigned to

the image at each time instant.

Vi-SLAM with satellite positioning can enhance the accuracy of location-
based AR technologies. By exploring these concepts, the reader will gain
insight into why fusing these technologies is advantageous for improving
precision in AR applications. Additionally, the same system can be utilized

for the acquisition of a 3D dataset composed of images and relative poses.

4.1.1 Principles of Localization

Localization is essential across a wide range of applications in various fields.
In the context of this thesis, accurate localization is a critical component
for achieving stable and reliable results with the employed technology.
For the acquisition of the 3D dataset composed of images and poses
having the current location of the camera is a key point. Also, the location-
based AR depends on comparing the user’s current location with the pre-

defined locations where AR content is intended to appear. After this com-
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parison, the distance between these positions can be broken down along
different axes, with the resulting values used as coordinates to appropri-
ately augment the AR content.

To determine the user’s current position in the world, Global Navigation
Satellite Systems (GNSS) can be utilized. These satellite-based systems
offer positioning, navigation, and timing services globally. GNSS works
by using a network of satellites that transmit signals to receivers on the
ground, allowing them to calculate their precise location. The most well-
known and widely used GNSS system is the Global Positioning System
(GPS), developed and operated by the United States. [45].

The position obtained from a GNSS system is typically expressed in
terms of latitude, longitude, and altitude, based on a specific GCS known
as the World Geodetic System 1984 (WGS84). WGS84 is the most widely
used GCS for GNSS positioning, providing a global reference framework
that defines the Earth’s shape and its relation to the coordinate grid. It
employs a three-dimensional coordinate system, with latitude, longitude,
and ellipsoidal height as its primary coordinates. While there are other
GCS instances, such as the North American Datum 1983 (NADS83) and
the European Terrestrial Reference System 1989 (ETRS89), they are less
commonly used compared to WGS84. [46].

4.1.2 The GNSS standard

GNSS technology determines a receiver’s position on Earth using a method
called trilateration. This involves measuring the distances between the
receiver and several satellites and then calculating the location by finding
the point where these distance spheres intersect. Each sphere is centered
on a satellite, with a radius equal to the distance between the satellite and
the receiver.

To perform this calculation, the receiver connects with GNSS satellites,
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which continuously transmit signals containing precise timing information
and their orbital parameters. The receiver on the ground captures these
signals and compares them with a locally generated replica, based on a
unique pseudo-random noise (PRN) code assigned to each satellite. The
difference between the received signal and the expected local signal reveals
the time it took for the signal to travel from the satellite to the receiver.

Knowing the time it took for the signal to travel allows the receiver to
calculate the distance to each satellite by multiplying this time by the speed
of light—a process known as pseudo-range measurement. By measuring
the distance to multiple satellites, the receiver can use trilateration to
determine its exact coordinates, including latitude, longitude, and altitude.

The accuracy of the calculated position depends on the geometry of the
satellites in view. Ideally, satellites should be well-distributed and spread
apart to maximize accuracy. If the satellites are too closely grouped or
aligned in one direction, the accuracy of the position estimate can decrease,
leading to less precise results. [45].

GNSS positioning is influenced by various sources of error that can im-
pact the accuracy and reliability of location calculations. These errors in-
clude atmospheric effects, clock discrepancies, multipath interference, and
signal blockage. Each of these factors can introduce inaccuracies that affect
the precision of the positioning data.

Atmospheric effects occur as the GNSS signals travel through the Earth’s
atmosphere. The ionospheric delay happens when ionized particles in the
ionosphere slow down the signals, altering the measured distance between
the satellite and the receiver. Tropospheric delay, on the other hand, is
caused by water vapor and other atmospheric components in the tropo-
sphere, which can also distort the position calculations.

Clock errors arise from the imperfect synchronization of clocks in both

the satellites and receivers. Satellite clock errors can result from imperfec-
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tions in the satellite’s atomic clock or relativistic effects, while receiver clock
errors are due to the less accurate clocks used in the receivers. These errors
can lead to inaccuracies in timing measurements, which in turn affect the
positioning calculations. Additionally, multipath interference occurs when
GNSS signals bounce off surfaces like buildings or trees before reaching the
receiver, causing incorrect measurements. Signal blockage, caused by ob-
stacles such as buildings, trees, or mountains, can weaken or block signals,
resulting in incomplete or inaccurate positioning data. [47].

To improve GNSS positioning and reduce errors, two key methods are

often used: differential correction and augmentation systems.

e Differential correction uses a network of fixed reference stations with
known locations to monitor GNSS signals. These stations calculate
the difference between their known position and the GNSS-derived
position, and then send this correction to nearby receivers. This helps
adjust for errors caused by factors like atmospheric conditions and

clock inaccuracies.

e Augmentation systems add extra data to GNSS signals to enhance
accuracy. For example, systems like WAAS in the United States and
EGNOS in Europe use ground stations to gather GNSS data and send
corrections via satellites back to receivers. This process helps correct

errors in the signals, improving positioning accuracy.

4.1.3 Real Time Kinematic GNSS

GNSS positioning can be affected by various errors, impacting its accuracy.
To improve precision, technologies like Real-Time kinematics (RTK) are
used. RTK can achieve centimeter-level accuracy, far surpassing traditional

GNSS methods that usually offer meter-level precision.
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RTK works by setting up a real-time link between a base station and
a rover receiver. The base station, located at a known position, measures
GNSS signals to determine its own position and calculate the difference
(differential correction) between this known position and the measured
one. This correction accounts for errors such as clock discrepancies and
atmospheric effects.

The base station sends these corrections to nearby rover receivers via
radio or cellular networks. The rover applies these corrections to its GNSS
data, significantly improving its positioning accuracy. RTK is valuable for
tasks needing high precision, like surveying and autonomous navigation.

However, RTK’s accuracy can be affected by factors like satellite visibil-
ity, environmental conditions, and distance from the base station. It’s best
to keep the base station within 25 km of the rover to minimize interference.
In areas without nearby base stations, corrections can be estimated from
other stations. Despite its high accuracy, RTK performance may decrease
in obstructed or signal-interference environments [48] the Fig. it is

possible to see a scheme of the overall system.

4.2 Used Materials

Before I go into the specific steps of the proposed approach, I describe the

tools and devices that have been used. The devices used in this thesis are:

e Different Samsung devices like Note 10, Note 10 plus, Samsung A33,
smartphones are based on the Android operative system and they

don’t have lidar cameras for depth info;

e Stonex S850A [31], external RTK-GNSS receiver used to get a precise
pose in the GCS with accuracy up to lcm in translation and 1 degree
in rotation. It is installed on the top of a surveying pole with an

adjustable height up to 2 meters;
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Figure 4.2: Scheme about the RTK system, Image taken by [@I

e The Creality Ender 3 is a highly regarded and cost-effective 3D
printer, celebrated for its reliability and ease of use. It features a
sturdy build with a heated print bed that enhances adhesion and
reduces warping. The printer offers a generous build volume and em-
ploys a Cartesian coordinate system for precise movements. Compati-
ble with various filament types such as PLA, ABS, and TPU, it comes
with a user-friendly interface and works with open-source slicing soft-
ware. Its straightforward assembly and balance of performance and
affordability make it a popular choice for both beginners and experi-

enced users;

Optitrack rig (8 Prime22 cameras), motion capture system provided
by the Multi-sensory Lab of the University of Trento to perform the
spatial calibration between smartphone and RTK-GNSS.

The software used are:

51



4.2. USED MATERIALS CHAPTER 4. CAPTURING 3D SCENES

e Blender [50], to develop the initial sketch of the prototypes and to

examine and modify the first prototypes of our system;

e Solid-Edge [51], to refine the prototypes and take into account all the

small details necessary before starting the 3D printing process;

e Cura [52], to convert STL models in gcode and to manage the 3D

printer and the printing process;

e COLMAP was used to generate the 3D model and georeference it,
leveraging its photogrammetry capabilities for accurate 3D reconstruc-

tion and spatial positioning;
On the programming side, the languages used are:

e Kotlin was used to develop the AR android app, handling device pair-
ing and crafting the app interface, with all development work carried
out in Android Studio;

e Python was employed to analyze data from the Motion Capture sys-
tem, compute the calibration matrix, and conduct temporal calibra-

tion using two different approaches, all managed through Jupyter
Notebooks

The frameworks and libraries used are:
e Google Android for managing the front end;

e Google ARCore [53] as Vi-SLAM for supporting the visualization con-

tents;

e Pandas, Numpy, Scipy and Matplotlib to manage data and display the

result.
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4.3 Proposed Solution

Our solution consists of two modules, one for spatial calibration and one for
temporal alignment. The two procedures are applied between the GNSS
device and the camera of the smartphone.

For the spatial component, we propose to exploit a MoCap system, con-
sisting of eight infra-red (IR) calibrated cameras, which can track moving
objects with millimeter-level accuracy. To accomplish the task, we create
two so-called rigid bodies, one for the smartphone and the other one for
the GNSS device, using retro-reflective markers.

As for the temporal calibration, the problem is addressed through a
synchronization technique, which measures the delay between the RTK-
GNSS packets and the smartphone AR packets. A rollout filter is then
implemented, allowing to alignment of the device’s packets temporally. The
alignment enables us to estimate the translation and rotation variations
that occur between the last received RTK-GNSS packet and the current
smartphone AR packet. This estimate is then used to adjust the hologram’s
position in the AR scene, leading to a smoother and more stable user
experience.

In the specific implementation, and for reference purposes, we use an
Android smartphone with ARCore [54], used for Vi-SLAM, and a Stonex

GNSS receiver, the solution can be scaled to any other compatible device.

4.3.1 Spatial Calibration between the two devices

The main steps necessary to perform the spatial calibration, consist of:

e Generate, through the MoCap, a so-called rigid body for the RTK-
GNSS using a pattern of markers. This rigid body must precisely
align with the reference system of the RTK-GNSS, so we utilize the
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3D model to create a 3D printed structure, depicted in Fig/d.3] where

the markers are positioned accordingly.

Generate a rigid body for the smartphone, which matches the camera
smartphone reference system; in this case, the markers are placed
on the surface of the smartphone, and in particular, one of them is
placed on the smartphone camera, which represents the origin of the
camera smartphone reference system. The others are spread on the

smartphone surface.

Create a 3D-printed structure that binds the smartphone and the
RTK-GNSS devices.

Place the smartphone, with its marker pattern, and the RTK-GNSS
device, with the additional structure containing markers, in the Mo-
Cap reference system. Before calibration, both devices are mounted

on the 3D bracket designed to interconnect them.

The subsequent step involves acquiring the positions and orientations
of the markers on both the RTK-GNSS and the smartphone using
MoCap software and setting the two rigid bodies as seen in Fig[5.2]

within the MoCap reference system.

Finally, we extract the transformation matrix concerning the MoCap
system reference between the two rigid bodies. This matrix repre-
sents the extrinsic calibration matrix between the RTK-GNSS and

the smartphone camera.

Let us now discuss these steps one by one. To create a pattern of mark-

ers for the MoCap and define a reference system for both the RTK-GNSS

device and the smartphone, it is crucial to position at least one retrore-

flective marker at the center of the phase of the device, with additional

markers defining the 3D reference system and the object shape.
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For standard-shaped smartphones, attaching markers to their surface is
straightforward, especially around the accessible camera, which serves as
the central point for the smartphone system reference. However, for RTK-
GNSS devices with non-standard shapes, a different approach is necessary.
Our solution involves using a 3D printed structure that can fit the RTK-
GNSS, and which is provided with suitable mounts to affix the MoCap
markers. This structure is used only in the calibration procedure and can
be removed at runtime. In our implementation, the solution has been found
through 3D printing, starting from the 3D CAD model of the RTK-GNSS,
as shown in Fig[.3]

Figure 4.3: Custom 3D printed structure for the creation of the rigid body of the RTK-
GNSS device within the MoCap reference system.

Before proceeding with the explanation of the calibration process, let’s

discuss briefly the choices we made in designing the marker pattern. Five
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markers were utilized for the RTK-GNSS receiver, one per side and one on
the top, located in the center of the phase of the receiver (see Fig..

Similarly, also for the smartphone, four markers were affixed to the back
surface. These markers were positioned on the main camera (aligned with
the camera hole), the second camera, the third marker placed as low as
possible under the camera, and the fourth marker on the opposite side of
the camera. Notably, the markers were installed asymmetrically on both
devices to prevent ambiguities in the MoCap’s rigid body recognition.

To ensure a stable translation vector and rotation matrix, an additional
custom 3D-printed bracket was designed and deployed. This bracket serves
the purpose of maintaining the same relative pose between the two devices
post-calibration and throughout the entire acquisition process, as depicted
in Fig. 5.2

Now, with the smartphone and the RTK-GNSS bound together to a rigid
structure, and all markers in place, we can proceed with the calibration
by positioning the entire system within the MoCap reference system. In
this phase, it is essential to ensure that all markers remain visible to the
MoCap.

Next, we combine the two rigid bodies, according to [55]. One body group
represents the markers of the RT'K-GNSS device. By using these markers
in conjunction with the 3D model, we calculated its center of mass, sym-
bolizing the center phase of the RTK-GNSS receiver or the origin of the
system reference.

The second body group consists of the markers on the smartphone, with
its center of mass determined by the marker placed on the main camera.
These centers of mass serve as the origins for the reference systems of their
respective rigid bodies, facilitating translation and rotation calculations
between different rigid bodies.

This procedure allows the position data (X, Y, Z), and the quaternions
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(X, Y, Z, W) of each marker composing the two rigid bodies, to calculate
the orientation and translation of the rigid bodies concerning the MoCap
reference system.

The computed translation vector (connecting the origins of the two rigid
bodies) and the rotation matrix (the product of the three rotation matri-
ces around the X, Y, and Z axes) allow pairing the smartphone and the
RTK-GNSS, as depicted in Fig. [4.5]

For each device, we extract the following information the SPhro, and
RTK-GNSSwvocap:

® S Procap denotes the transformation matrix of the smartphone relative
to the Mocap System reference, obtained from the markers comprising

the smartphone’s rigid body.

o RTK-GNSShnocap represents the transformation matrix of the RTK-GNSS
relative to the Mocap System reference, obtained from the markers

comprising its rigid body.
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Given the two transformation matrices it is possible to calculate the
final Calibmatriz as in Eq.(4.1), which allows for mapping coordinates

among the two devices :

Calibmatric = RTK-GNSS7} SP Mocap (4.1)

Mocap

To successfully calibrate the smartphone and the RTK-GNSS receiver,
it is required that the two devices remain in the same relative pose after
calibration, and throughout the entire acquisition session, thus obtaining a
stable translation vector and rotation matrix. This required designing and
deploying a custom 3D-printed bracket, as shown in Figl5.2], to guarantee a
rigid link between the devices. Through calibration, the objective consists
of obtaining the transformation matrix between the center of the phase of
the RTK-GNSS receiver, located in the lower center of the receiver, and the
smartphone camera center. To this goal, we have employed the MoCap, so

as to leverage its millimeter-accurate measurements.

4.3.2 Temporal Alignment between the two devices

The goal of the temporal calibration is to align in the best way possible the
packets generated from the two devices. On the one hand, we have an An-
droid smartphone running the app based on the ARCore framework; this
generates packets with a frequency of 25 Hz. On the other hand, the exter-
nal RTK-GNSS receiver outputs the position information with a frequency
of 5 Hz. The fact that the two devices have a different output rate, would
not cause major issues per se. Instead, the inconsistency is that, when
an RTK-GNSS packet is received, it cannot be directly associated with
a corresponding ARCore packet. This is due to the unavoidable latency
introduced to receiving the signal from the RTK-GNSS system, processing

it, and transferring it from the external receiver to the smartphone via
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Figure 4.4: Custom bracket for the camera and RTK-GNSS device (left), with an indica-
tion of the reference coordinate systems (right), for the RTK-GNSS and the smartphone.

The X-axes are in red, the Y-axes in green, and the Z-axes in blue.

Bluetooth.

Therefore, to obtain a smooth AR experience it is important to quan-
tify such temporal misalignment: considering the UNIX timestamp of the
smartphone and the RTK-GNSS, respectively, namely t,,4r0i¢ and t rrx-anss,
we calculate the packet latency AT, as the difference between these two

temporal markers as you can see from Eq.(4.2)).

ATumw - tandroid - tRTK—GNSS (42)

In principle, once a sufficient number of packets has been received, and
all the packet latencies have been computed, it should be possible to use
these values to build a distribution. Being, the UNIX timestamp across

different devices is not reliable, which results in potential mismatches in
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Figure 4.5: Calibration using the MoCap, mapping the coordinate systems of the two

devices: Red = latitude, green = altitude, blue = longitude.
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Figure 4.6: Yaw curves sampled at 5Hz, for the smartphone and the Stonex RTK-GNSS

receiver, before and after adjustment.

the order of seconds, this is not a viable solution for real-time applications.
Therefore, we use an experimental approach for measuring and modeling
statistically the latency of the received GNSS packets. The data are relative
to the ARCore yaw angle and to the RTK-GNSS receiver, yaw angle are
logged while keeping the receiver in a fixed position for a few seconds. This
allows obtaining a reliable measurement of the initial offset between the
two angles. Then, we begin turning the two devices around the GNSS-
receiver pole in a continuous fashion, similar to what would be performed
in real scenarios. Once the data are gathered, they are used to plot the
curves of the two yaw angles: the initial offset between the two measures
is then applied to every point of the RTK-GNSS receiver yaw curve, to
adjust it and align it to the ARCore yaw curve, as represented in Fig[4.6]

CAM 4+, CAM 4 MCSP
Assetap = [R\T} . {R|T} : { }
AR CAM t—9 CAM t0 (4 3)
MCST ST GCS )
. {R’T} . [R} . [R} -HAV(ASSGtGCS>
MCSP MCST ST
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Figure 4.7: Distribution histogram of the packets jumped to achieve an optimal alignment
on the curves at 5Hz shown in Fig@

At this stage, without delay, the plots(the blue and the orange curves in
Fig. should overlap. However, in real cases, they are often translated by
a certain offset due to the delay introduced by the GNSS device. Because of
the presence of this GNSS delay, the two curves do not perfectly align when
motion is present. This discrepancy allows us to estimate the temporal
offset between them. To do so the curves used are the "ARCore yaw
curve” and the ”Stonex adjusted yaw curve” as shown in Figf.6, Once
compared, a value of delay expressed in a number of packets is retrieved.
This can later be converted into a proper delay, in seconds, by multiplying
it by the inverse of the sampling frequency.

The delay estimation starts by comparing the value of a point on the
Stonex curve with the value sampled at the same time location on the AR-
Core curve. This very same Stonex value is then compared also with the N
previous points of the ARCore curve, where N is defined empirically and

corresponds to the number of the past ARCore packets used for compar-
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ison against the latest RTK-GNSS packet received. In short, if there is a
delay in the yaw values from the RTK-GNSS receiver, then by examining
the ARCore yaw values backward in time, it should be feasible to find an
ARCore yaw value that aligns with the last RTK-GNSS yaw value. Once
the corresponding pair is found it is possible to compute the delay. This
computation is carried out for all the points in the Stonex curve. We can
then define a histogram, which provides an effective representation of the
delay between the devices. Using the data acquired on the field we built
the histogram at 5Hz (see Fig[d.6)). The results indicate that, on average,
the latency between the devices is around 380ms, which equals around 9
ARCore packets (40ms for each packet). This value is later used to im-
plement a roll-out filter, to align the current received RTK-GNSS position
with the ARCore frame generated 9 frames earlier. It is also possible to
calculate the spatial error given the latency, as illustrated by Eq.(4.4)). In
this formula, the S P Pose represents the pose of the smartphone at a spe-
cific time, while the ErrorMotion represents the error motion in terms of

the pose.
ErrorMotion = SPPose - (SPPose ;_g)~" (4.4)

4.3.3 Obtaining the Transformation Matrix between the camera
of the Smartphone and the RTK-GNSS device

After computing the spatial calibration matrix between the two devices
and the delay for the roll-out filter, it is possible to build the final transfor-
mation matrix to represent the GCS assets in the AR space with centimeter
accuracy.

The final formulation is reported in Eq. (4.3).

We describe hereafter all the steps involved in the final transformation,

reading it from the input Assetgog toward the output Asset 4p:
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e Haversine formula (HAV), to compute the linearized distance of the
asset (in latitude, longitude, and altitude) in the GCS (assuming it to

have origin in the current Stonex position).

e Stonex rotation matrix (GC'S — ST'), to move the asset point from
the linearized GCS (centered on the GNSS device) to the GNSS device
(ST) reference system (pitch, yaw, roll w.r.t. GCS).

e MoCap rotation matrix (ST — MCST), to rotate the Stonex refer-
ence system by -90° around the Z-axis, followed by another rotation of
-90° around the X-axis. After that, the Stonex reference system (pre-
viously: Z=altitude, Y=latitude, X=longitude) is aligned with the
reference system used during calibration with the Motion Capture
system (Y=altitude, X=latitude, Z=longitude) and the asset point is

represented w.r.t the MoCap Stonex (ST) reference system.

e Calibration Matrix (MCST — MCSP), computed in section [£.3.1]
to move the asset point from the MoCap Stonex (ST) reference system

to the MoCap smartphone (SP) reference system.

e MoCap rotation matrix (MCSP — CAM ), to rotate the MoCap
smartphone (SP) reference system by +90° around its Y-axis. The
asset point is now represented w.r.t the current ARCore Camera ref-

erence system.

e RolloutFilter (CAM 4 — CAM ;_g), to move the asset point from
the ARCore camera reference system of the current frame to the AR-
Core camera reference system, 9 frames behind. This accounts for the

latency between the smartphone and the Stonex.

e CameraPose (CAM ;_9 — AR) referring to the 9-th packets in the
past, to move the asset point from the ARCore camera reference sys-

tem delayed by 9 frames, in the ARCore origin reference system.

64



CHAPTER 4. CAPTURING 3D SCENES 4.4. RESULTS

4.4 Results

To validate our architecture, we have chosen to test the entire system in
a real scenario. First, we have used the RTK-GNSS receiver to acquire
the GCS pose of a specific spot outdoors, leveraging its centimeter-level
accuracy. At this point, we can qualitatively and quantitatively evaluate
the spatial and temporal calibration for the given RTK-GNSS/ smartphone
ensemble.

For the qualitative evaluation of the spatial calibration, we use the pre-
viously computed transformation matrix, calculated by the MoCap to vi-
sualize a hologram over-imposed on the point acquired. As can be seen in
Fig, the hologram (in red) is displayed accurately also at quite large
distances, over 3 meters from the point of acquisition. This confirms the
accuracy (and relevance) of the spatial calibration performed in the labo-

ratory, and also of the entire transformation pipeline.

Figure 4.8: The RTK-GNSS device is positioned in the environment to acquire the point
location (left); the red hologram is virtually positioned, without spatial calibration (cen-

ter) and with spatial calibration (right).

As for the quantitative evaluation of the spatial calibration, we compute
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Term | Description

GCS Geographical coordinates refer-

ence system

Assetgos | Position of the asset with respect
to GCS

HAV Haversine formula used for calcu-
lating the meter distance between
two GNSS locations for AR pur-

poses

ST Pose of the GNSS device with re-
spect to the GCS

MCST | Pose of the GNSS device with re-
spect to the MoCap reference sys-

tem

MCSP | Pose of the smartphone with re-
spect to the MoCap reference sys-

tem

CAM Pose of the smartphone camera
with respect to the ARCore ref-

erence system

AR ARCore reference system

Assetar | Asset in the ARCore reference

system

Table 4.1: Detailed explanation of the relevant terms in Eq. (4.3)
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the angle misalignment along the azimuth direction. This is done by plac-
ing a QR code with its top-left finder pattern on the previously acquired
point, and by over-imposing the red hologram on that spot using its GCS
pose, as shown in Fig[d.9 This type of marker is usually used for the
localization of robots mobile devices and other systems [56], [57], and
fits well also our scenario. Thus, we exploit this pattern to evaluate the
accuracy of our location-based AR solution, using such markers as ground
truth.

Figure 4.9: Error measurement process: the QR code top-left finder pattern is placed on

the acquired spot, and the red holograms are placed using the acquired GCS pose.

Once the scenario is set up, the projections from the 3D world to the
2D camera plane are obtained for the top-left finder pattern and the red
hologram. Next, the z-axis pixel offsets between the retrieved 2D positions
and the center of the smartphone’s screen are computed (pde; and pdes).
After that, the smartphone’s focal length in pixels over the z-axis (fc,)
is used in Eq. together with the offsets obtained above, allowing to
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compute the angles a and 5. Finally, the absolute difference between these
two angles allows us to find the misalignment (F) between the resulting
2D position of the asset and the expected one, as shown in Fig/4.10|
pde;
Cy

; ) _ arctan (p def)) (4.5)

Using the proposed calibrated solution, we have evaluated the final error

FE = abs(a — ) = abs(arctan (

around the yaw angle, starting from the hypothesis that the smartphone
during the process remained still, leading to a final average error of 0.449

degrees; the scenario of the acquisition is shown in Fig4.9]

Em

1
pde;(1) | pde;[  pdes(2)

>

Figure 4.10: Graphical representation showing how the error along the azimuth direction
is computed, in particular in this case we present two possible cases of the Asset2D
position. In the first case the pde;(1) (number of pixel) will have a negative value, for the

second case indeed, the value of pde;(2) will be positive.

At last, we have also evaluated qualitatively the contribution of the
temporal calibration, enabling/disabling the roll-out filter and the low-
pass filter. The implementation of the roll-out filter improved the user

experience, leading to a better quality of the AR experience. The low-pass
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filter, instead, contributes to a more stable experience, especially in the

presence of the user’s motion.

Figure 4.11: Acquisition process: images are collected through the smartphone coupled
with the RTK-GNSS receiver, and positioned in the environment, according to their

camera pose.

In addition to the previous evaluations, the proposed solution is vali-
dated also through the collection of a small dataset composed by images
and their corresponding poses in the GCS, as shown in Fig/d.11. The
purpose of this last test is to evaluate our system for 3D reconstruction,
helping the classic photogrammetry algorithms, as COLMAP [59], which
can leverage GNSS information of the pictures as a starting point when
attempting to align the frames, for an optimal outcome. Moreover, this
information allows for the precise scaling of the 3D model calculated and,
ultimately, its georeferencing. This enables to precise overlay of the 3D
model on the real scene, blending the real world with the virtual content,
as can be seen in Figld.12]

The results of the proposed solution are compared with the solutions
currently available on the market, as shown in Tab. [£.2] The comparison is
carried out according to parameters such as translation accuracy, rotation

accuracy, covered area, and support for dynamic scenes (i.e., the possibility
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Figure 4.12: 3D digitalization and overlay of the virtual georeferenced information (left)
with real-world content (right).

of deployment with limited or changing visual information).

Our solution defines translation and rotation accuracy values, see Table
4.2l Tt also notably excels compared to all visual positioning approaches

in terms of the covered area and support for dynamic scenes.

Performing an explicit quantitative analysis is not straightforward. In-
deed, all the providers of VPS solutions did not release any precise error
metric, with only Niantic [61] giving some rough information about the

translation accuracy, defining the error in the order of ”centimeters”. On
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Trans. acc. | Rot. acc. | Coverage | Dynamic
Sturfee VPS [60] — — 15 cities X
Niantic Lightshi;[m] centimeters — 6 cities X
Immersal VPS [621 — — 4 cities X
Google VPS [63] centimeters — Urban areas™ v
BiodivAR [22] — — Worldwide v
Project LARA [19] < 20 cm 1° Worldwide v
Our solution 1.6 cm @2 m 0.449° Worldwide v

Table 4.2: Comparison of the proposed solution with other state-of-the-art approaches for
location-based AR. Our translation accuracy is estimated at 2m distance. [KEYS: Trans.
acc is the translation accuracy, Rot. acc. is the rotation accuracy, Coverage refers to the
scalability of the solution, and Dynamic reports the robustness to environmental visual

variations|

the other hand, also the works discussed in chapter [2|do not provide precise
error metrics, and only Project LARA [19] defines a translation accuracy

lower than 20cm, and a rotation accuracy of around 1 degree.

Regards the the covered area, the proposed solution, as well as the ones
discussed in chapter [2| do not require pre-mapped environments like the
VPS technology, so our solution can be used anywhere, provided that the
GNSS signal is available. Among the competitors in the VPS field, Google
VPS stands out as the sole qualified competitor, thanks to the pre-mapped
information from Google Street View. Still, the coverage is mostly limited
to cities and streets in developed countries, and it does not cover, for
example, off-road locations.

Finally, as highlighted in the last column of Table [4.2] the GNSS-based
solutions are also the only ones suitable for dynamic scenes. Indeed, VPS
solutions could suffer limitations in localizing the user when strong changes
in illumination occur. This issue is even more evident in the case of changes
in the scenario (for example due to: seasons, renovations of buildings,

evolution of city design, and so on).
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4.5 Discussion

We tested the system in many outdoor scenarios, one of the most interest-
ing study cases being outdoor excavations: the goal is to superimpose the
hologram after the road work is covered and validate the obtained results.
In this particular case it is possible to appreciate the accuracy of the spatial
calibration, as shown in Figs{4.13] [4.14] As can be seen from the pictures,
the alignment is good, and this is possible when the system can rely on the
differential correction, requiring the RTK-GNSS to attain an appropriate
satellite coverage.

In fact, being the precision linked with the satellite coverage, partial oc-
clusions might occur, such as when inside the excavations or near build-
ings/trees, thus preventing the visibility of the satellites. In such cases, the

system performance could decrease.

Figure 4.13: (left) A scenario is shown, where the real scene is over-imposed with the
virtual (pre-acquired) counterpart. Here, the specific case study is the excavation. The
zoom of the red square area is also shown (right). The spatial accuracy of the over-

imposition is very good.
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Figure 4.14: In this example, the hologram of the excavation is overlaid on the scene (left)

after the excavation has been covered (right).

As per our specifications, the devices are bound through a fixed hard-
ware bracket. Although this does not pose issues per se, it is worth noting
that if either of the two devices is moved or swapped, this generally re-
quires a re-calibration. This could be seen as a potential limitation for
widespread adoption of the proposed solution, which does not allow for an
on-the-fly calibration.

However, to foresee a seamless swap between different devices, major at-
tention should be paid to defining the geometry of the 3D support used
for calibration, especially in accommodating different RTK-GNSS devices,

each of them with a unique geometry and center of phase

4.6 Extended Reality

In this final section, I will briefly present an application we have developed
using MR hardware, highlighting its potential but, more importantly, the
current limitations for industrial scenarios. It is important to note that, at
least regarding augmented reality, smartphones will eventually be replaced

by smart glasses in the future, even though in the current solution presented
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in this thesis, the smartphone is the device used. Before presenting the
application, I will describe MR, and location-based and marker-based AR
applications in more detail. In this context, I will emphasize the potential
of using MR capabilities and finally show a prototype where I combine

smart glasses and an RTK system, which I used to run my application.

In the realm of MR, there is a most known subset which is AR. There
are two types of AR marker-based that use visual markers, such as QR
codes or predefined images, to trigger digital content when scanned by a
camera. This type of AR is particularly useful in museum settings, where
it can provide additional information about artworks, or in marketing, to
create interactive experiences around products. In contrast, location-based
AR relies on GPS data, a compass, and other sensors to overlay digital
information onto the real world based on the user’s geographical location.
This approach is ideal for applications like navigation, where it can guide
users through cities, or in tourism, offering contextual information about
landmarks as users explore an area. The key difference lies in how the AR
content is triggered: by recognizing a specific marker or by detecting the

user’s physical location.

In the case of location-based AR, achieving high accuracy is crucial.
This often requires using different devices for displaying the AR content
and acquiring the GPS position. As a result, it’s necessary to calculate the
transformation matrix between these two devices to establish the relation-
ship between their reference systems as we have seen. Additionally, Simul-
taneous Localization and Mapping(Vi-SLAM) algorithms are employed to
maintain object tracking within the environment. These algorithms help
ensure that virtual objects stay accurately positioned relative to the real
world as the user moves, providing a seamless and immersive AR experi-

ence.

Our next goal is to move further toward virtuality, where interacting
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with holograms becomes a tangible experience. A future where gestures
are not just used to navigate digital information overlaid in the real world
but become the means to directly manipulate three-dimensional holograms,
creating an unprecedented immersive and interactive experience. This evo-
lution will allow us to explore new frontiers in communication and in-
teraction, transforming the way we perceive and engage with the virtual
environment. This is also made possible through the use of new hard-
ware, such as smart glasses. These devices enable users to interact with
holograms directly through gestures, seamlessly blending the virtual and
physical worlds. With smart glasses, the experience becomes even more im-
mersive and intuitive, allowing for more natural and dynamic interactions
with digital content in three-dimensional space. For this goal I decided to
explore the development of a real application using MR devices, in this
work I demonstrate the usage of gestures and head movement like in Fig.

[4.15) as a way to interact with the application.
So, I present briefly the MR application developed, highlighting briefly

the main limitations of the current hardware, despite the obvious advantage
of using smart glasses for displaying AR content. This location-based MR
solution, exploiting the Hololens and the Stonex. Combine the two devices
with the support of the helmet, as you can see in Fig. [4.16]

Through a Bluetooth connection the devices communicate, so the Hololens
acquired the GNSS position and rotation provided by the RTK-GNSS, the
Stonex in this case. The final result is depicted in this Fig |4.17]

I tried this setup in many outdoor industrial scenarios, the goal of the
application developed was to display the network underground, overim-
posed on the real world, with the possibility to interact with the objects
to access all the needed information about the assets of the Utility. It was
clear from the beginning the advantages, working hands-free with all the

information over imposed on the field of view boosts efficiency and more
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E=

Figure 4.15: An example of interaction using gesture with Hololens

importantly safety. The device has proven to be effective in gesture recog-
nition, although it requires an initial training phase. Operators are used to
interacting with a screen, so switching to interaction with smart glasses is
not straightforward, especially for those less open to change Even though
the technology is very promising, the current hardware is not ready pri-
marily because external light for smart glasses optical-see-through devices
is interference that can even make holograms invisible. Since the hologram
is projected onto the semi-transparent screen and is formed by light, ex-
ternal sunlight interferes. Another major challenge is definitely usability
for long periods, due to the weight and bulk of the HoloLens, making it
difficult to use.
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Figure 4.16: The helmet as a support for the combination of the Stonex and the Hololens

From my analysis these are the main limitations of the current hardware:

e The weight of the Hololens added with the weight of the Stonex makes

impossible the usability for the operators for a long period.

e Hololens is designed for indoor scenarios, the holograms projected on

the lens with the interference of the sunlight disappear.

e Getting all operators accustomed to using gestures, considering that

they are used to the classic touch of a smartphone screen
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Figure 4.17: The visualization of the holograms of the underground net from the Hololens
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Chapter 5

3D Reconstruction

Neural radiance field-based methods have recently emerged as an alter-
native to traditional photogrammetry in the field of image-based 3D re-
construction. This innovation is especially significant for the challenging
scenarios of excavation sites, where the accuracy and detail of 3D mod-
els are crucial. This research is motivated by the potential of NeRF to
enhance the precision and reliability of reconstructions in such complex
settings. By comparing NeRF with traditional photogrammetry across
varied scenes, this study aims to rigorously assess their efficacy in captur-
ing intricate details, surface textures, and overall geometric accuracy. Our
goal is to evaluate the suitability of NeRF techniques to be adopted in
real-world applications with a particular focus on excavation sites. This
endeavor seeks to pave the way for more informed adoption of cutting-edge
3D reconstruction technologies working related fields. In recent years, the
advancement of 3D reconstruction technologies has opened new avenues
in the documentation and analysis of urban landscapes, such as working,
industrial, and archaeological sites. Among these, photogrammetry has
long been established as the baseline for precise, high-resolution mapping
and modeling. However, the recent advent of Artificial Intelligence (AI) in
the 3D field, thanks to the introduction of NeRF [9] and more recently 3D-
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GS [10] techniques presents a novel paradigm, potentially overcoming some
of the inherent limitations faced by traditional methods. This chapter aims
to provide a comprehensive comparison between these cutting-edge tech-
niques, focusing on their application in the industrial context of excavation
sites. Excavation sites present unique challenges for 3D reconstruction due
to their dynamic nature and intricate details. Operators’ data collection
methods must adapt to ensure fidelity in reconstructing occluded regions.
Integrating geospatial data with 3D reconstructions aids utility companies
in locating subsurface infrastructure accurately. This enhances worksite
planning, and management, and reduces the risk of accidental damage

during future excavation.

Moreover, the use of georeferenced data in 3D reconstruction enables
the development of AR technologies, thus offering an additional layer of
information, enhancing operational safety and efficiency. By overlaying
digital models onto the physical world, operators can gain real-time in-

sights, further preventing the accidental severing of critical infrastructure.

This chapter investigates the strengths and limitations of photogram-
metry, NeRF, and 3D-GS in excavations, where geographical positioning
data is essential. Utilizing datasets of images and precise coordinates, it
aims to measure each method’s efficacy, particularly where traditional pho-
togrammetry is not accurate. Implicit methods like NeRF show promise
in rendering complex scenes with diverse surface properties, while 3D-GS
provides a very accurate estimation of the surfaces and fine structures,

areas challenging for conventional methods.

NeRF-based methods have recently proven to be a valuable alternative
to traditional photogrammetry in the field of image-based 3D reconstruc-
tion. This innovation is especially significant for the challenging scenarios
of excavation sites, where the accuracy and detail of 3D models are cru-

cial. This research is motivated by the potential of NeRF to enhance the
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Figure 5.1: Overview of the proposed methodology

precision and reliability of reconstructions in such complex scenarios. By
comparing NeRF with traditional photogrammetry across varied scenes,
this study aims to comprehensively assess their performances in captur-
ing intricate details, surface textures, and overall geometric accuracy. Our
goal is to evaluate the suitability of NeRF techniques to be adopted in

real-world applications with a particular focus on excavation sites.

5.1 Methodology

This study aims to evaluate the effectiveness and potential benefits of
NeRF against traditional image-based reconstruction techniques, partic-
ularly photogrammetry, in the context of augmented/virtual reality ap-
plications. Our focus is on challenging outdoor scenarios. We include
excavation sites and playground objects, which are characterized by un-
bounded environments and non-Lambertian surfaces. To facilitate a direct
comparison, the same dataset of images, captured with georeferencing, is
utilized across all reconstruction methods. This standardized approach en-
sures that differences in the reconstruction quality and efficiency can be

attributed solely to the methodologies rather than due to a bad alignment.
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5.1.1 Dataset acquisition

The datasets are collected using a system comprised of two devices: a
smartphone and an RTK-GNSS spatially calibrated as we can see from
the figure [5.2in the paper [64]. These devices ensure highly accurate pose
information for all the images we have collected. The study aims to an-
alyze utility case studies, therefore, as scenarios, we have selected some
simple playground games mixed with real excavation scenarios where the
reconstruction is more challenging. Our datasets consist of 7 playground

scenarios and 3 excavation scenarios.

Figure 5.2: System acquisition composed by Stonex and Smartphone for obtaining high

accuracy georeferenced images

Acquisition Process: Our analysis focuses on handheld acquisitions
performed by operators in the field. The trajectory involves rotating
around the object when it is possible, maintaining a capture at eye level
with the camera facing downward. The angle varies depending on whether
the scenario is an excavation or a playground game. During acquisition,

the frame rate is fixed at 5 frames per second with a resolution of 1280 x
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Number Images | Geo tras. acc. | Resolution
Parcogiochil 153 < 2cm 1280x720
Parcogiochi2 218 < 2cm 1280x720
Parcogiochi3 159 < 2cm 1280x720
Parcogiochi4 149 < 3cm 1280x720
Parcogiochib 151 < 3 cm 1280x720
Parcogiochi6 152 < 2cm 1280x720
Parcogiochi7 245 < 3 cm 1280x720
Scavod 565 < 3 cm 1280x720
Scavo7 468 < 3 cm 1280x720
Scavol3 745 < 3cm 1280x720

Table 5.1: From this table, we describe the number of images and their resolution for all
acquisitions, then we also include, for each scene, the accuracy of translation with respect
to the GCS of the images.

720. The accuracy of the pose data is approximately 3 cm and less than 1
degree for each acquired image. We maintain a uniform velocity during ac-
quisition, so the number of images for each scenario depends on the length
of the trajectory. In table [5.1, we provide the main information about all

the acquisition scenarios.

5.1.2 Methodologies employed

Three distinct reconstruction methodologies were applied to the captured

datasets; an overview is shown in Figure [5.1}

1. Photogrammetry: The classical photogrammetric procedure involves
estimating camera orientation parameters for sparse point cloud con-
struction, generating a dense point cloud; mesh creation and texture
extraction complete the reconstruction process. For this purpose, we
used COLMAP, with all phases conducted in high-quality mode to

ensure maximum detail and accuracy.
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Generated meshes

Colmap nerfstudio SuGaR

Rendering results

NeRF SuGaR

Cloud to Cloud distance

Colmap - Nerf Colmap - SuGaR

Figure 5.3: Comparison of the mesh obtained with the proposed methodologies on the
playgrounds dataset. Other scenes can be found at: https://zenos4mbu.github.io/
photogrammetry_nerf.github.io/
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Rendering results

NeRF SuGaR

Cloud to Cloud distance

B

Colmap - Nerf Colmap - SuGaR

Rendering results

NeRF SuGaR

Cloud to Cloud distance

Colmap - Nerf Colmap - SuGaR

Figure 5.4: Comparison of the cloud-to-cloud distance of the proposed methodologies on
the playground dataset.
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Generated meshes

Colmap nerfstudio SuGaR
Rendering results

NeRF SuGaR

Cloud to Cloud distance

Colmap - Nerf Colmap - SuGaR

Figure 5.5: Comparison of the cloud-to-cloud distance of the proposed methodologies on
the excavation sites dataset. Other scenes can be found at: https://zenos4mbu.github.

io/photogrammetry_nerf.github.io/
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2. NeRF-Based Reconstruction: The training of Neural Radiance
Field reconstruction requires known camera poses as input. We use
nerfstudio [65], and in particular ”NeRFacto”, a model strongly based
on InstantNGP [27], used for its fast training and inference. We then
extract the dense point clouds and textured mesh from NeRFstudio’s
API; in particular, for mesh extraction, we exploited Poisson recon-

struction.

3. SuGaR: Similarly to NeRF, this method requires known camera poses
as input. This explicit model is then trained to approximate the ra-
diance field of the scene. The training of SuGaR involves more than
one step. The training starts with 7k iterations of normal 3D-GS and

7k iterations of SuGaR finetuning to extract a more precise geometry.

The acquisition of our dataset incorporated georeferencing, to simplify
the alignment process for the reconstructions. The only exception is NeRF,
as an implicit framework this model normalizes its coordinates between -
1 and 1. This aspect of NeRF requires an additional step to calibrate
the model, incorporating scale and translation derived from the georefer-
enced input to ensure accurate alignment. For the dataset to be used in
training, we first need to estimate the camera parameters from the input
images. This estimation is necessary because the neural network requires
knowledge of both the camera’s positions and the corresponding images
to accurately generate the scene representation. To achieve this, we uti-
lized COLMAP, a known software for its application of Structure from
Motion (SfM) techniques [33], for estimating three-dimensional structures
from two-dimensional image sequences.

To facilitate comparison, given that outputs from photogrammetry are
not directly comparable with those from NeRF or 3D-GS, we incorporate

an additional conversion phase. NeRFstudio provides functionality to con-
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vert NeRF outputs into point clouds and meshes. The point clouds are
easily exported since the neural representation can be inspected at any
3D point. For the meshes, this conversion employs the marching cubes
algorithm and the Poisson surface reconstruction method. In the SuGaR
framework, the mesh extraction phase is also done through marching cubes
or Possian surface reconstruction. In this case, the reconstruction is en-
hanced thanks to the precise estimation of the normals of the sampled
points. To obtain an accuracy metric we derive a cloud-to-cloud compari-

son using the CloudCompare software.

5.1.3 Comparative analysis framework

The comparative analysis between these methods focuses on the follow-
ing key metrics: (i) Accuracy and Detail Resolution, to evaluate the
fidelity of the reconstructed models to the original scenes, and (ii) Pro-
cessing Time, to assess the efficiency of each methodology in terms of
computational resources and time required for reconstruction. We propose
using the point clouds generated by the studied methods to compare the
fidelity of the reconstructed models. In this way, we can obtain a quantita-
tive metric. To be more specific we measure the cloud-to-cloud deviation
of the methods based on radiance fields concerning the reconstruction us-
ing classical photogrammetry. This measure is an absolute value, which
does not tell which method performs better; it only informs about the de-
viation from one reconstruction to the other. Therefore, we also show the
rendering results to see the performances in graphical terms, in Figure 5.5
In addition to this quantitative result, we also propose a qualitative com-

parison of the resulting meshes, comparing the proposed methodologies in
Figure [5.3]
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5.2 Discussion

We show a comparison of NeRF-based techniques against traditional pho-
togrammetry utilizing COLMAP. All models are trained on an NVIDIA
RTX 3090 GPU. The assessment focuses on their effectiveness in view
synthesis and 3D reconstruction, particularly in expansive, unbounded en-
vironments. The results of our analysis highlight that the three methodolo-
gies produce high-quality point clouds, with very close results especially in
the fine structures of the 3D scene, as illustrated in in Figure 5.3} Notably,
NeRF’s output shows a denser point cloud around high-frequency scene
features but has gaps in smoother regions. The radiance field rendering
results show that the quality of the reconstructed views is high and is very
difficult to say if NeRFstudio or SuGaR presents the best result. However,
the comparison illustrated in Figure highlights a failure case of NeRF-
studio, with a red area within the scene’s object of interest indicating a
high cloud-to-cloud distance. This issue not only produces a discrepancy
in the point cloud representation but also results in blurring within the
targeted region of the neural reconstruction.

Considering the extensive usage of meshes in VR and AR applications, for
their simplicity and low memory footprint, we present a comparison of the
meshes produced with the three methodologies. In Figure |5.3| we show the
obtained meshes also showing a detail of the reconstruction in the region
of the 3D scene with finer details. As depicted in Figure [5.3], there’s a no-
ticeable variance in detail and texture among the outputs. The COLMAP
mesh, while being consistent, falls short on representing thin structures.
In contrast, the NeRF mesh shows greater detail but presents some holes.
The SuGaR mesh stands out for its superior detail, accurately capturing
complex structures where others falter, thanks to its precise normal calcu-

lations. Another point to consider is the difference in accuracy between the
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two scenarios we have examined. The playground scene is easier and has
better results compared to the case of excavations. The complexity of the
excavation scenario reduces the performance in reconstruction, especially
with the SuGaR and NeRF methods. It is noticeable in figure that
there are many artifacts on the road surface visible on the Cloud to Cloud
distance analysis, especially in the case of SuGaR, and there are also many
holes, especially in the excavation bottom. Finally, we analyze the pro-
cessing time for each method. Regarding this aspect, there is no difference
between SuGaR and COLMAP. Instead, the best performance is observed
with InstantNGP, which takes about a quarter of the time compared to
the other methods. Additional materials regarding our analysis, can be
accessed through this link [1

"https://zenos4mbu.github.io/photogrammetry_nerf.github.io/
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Chapter 6

Meta-Trainer

The application that I present in this chapter is called Trainreal; it is based
on the project Meta-Trainer, which is the result of a collaboration of the
MMlab (Multimedia Signal Processing and Understanding Lab) researchers
and some students of the University of Trento. The team has participated
in a challenge opened by Nreal (now formely known as Xreal), called AR~
jam [66]. Within the context of thechallenge, we have developed an MR
application, where it has been possible to experiment with gestures, and
head tracking on the Xreal device smart glasses. As a final result, we were
able to win the Honorable mention and our application has been added to
the official store of Xreal [12]. In Fig. it is possible to see the preview
of the application.

Based on this application I present in the next section the work behind
Trainreal [67].

The source code of the project is made available in our GitHub reposi-

toryﬂ

Thttps://github.com/Lorenzoarc/traiNreal
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A pocket-size metatrainer

Figure 6.1: The preview of the application Trainreal on the Xreal store

6.1 Meta-Trainer

Meta-Trainer allows people to train on their own, supervised by a virtual
trainer who provides exercise samples and real-time feedback. The system
relies on a set of smart glasses for AR, to enable users to interact with
the virtual trainer in a hybrid environment. Given a target exercise, the
virtual trainer demonstrates the movements to be reproduced. Differently
from video-based applications, the user can move around the virtual trainer
to look at the exercise from different angles for a more immersive and re-
alistic experience.

The AR glasses can also track head movements, which are then used to
give feedback and track the training progress. This system offers an ad-
vancement compared to video-only trainers, not requiring the user to look
at a screen while performing the exercise. This work is motivated by the
necessity to inspire individuals to engage in effective training sessions from

the comfort of their own homes. Training at home often presents chal-
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lenges such as a lack of motivation and potential discomfort resulting from
incorrect exercise execution. Moreover, individuals often miss the pres-
ence of a gym partner or personal trainer who typically guides workouts.
In this context, the concept of having a personal trainer readily available
becomes highly advantageous. In this work, I present a novel framework
called Meta-Trainer which provides a novel interaction paradigm for train-

ing applications interacting by a virtual trainer in the Metaverse.

As we all have learned during the COVID pandemic, training is possible
also from home. However, improvising can be ineffective or, even worse,
dangerous [68]. This sums up to the fact that doing the workout alone can

be alienating, and the motivation often turns to failure in the long term.

Available solutions often involve buying expensive equipment, like tread-
mills and exercise bikes, to have a complete system that can guide the user
through the training while providing live feedback about the performances.
The main limitations of these solutions are the initial investment for the

hardware, its initial purchase and installation, and the space needed.

To cope with these issues, users usually rely on smartphone-based so-
lutions, which require just a smartphone, where you generally watch and

follow along with the training provided by a trainer.

However, such solutions, although very practical and accessible, still
suffer some limitations: (1) a detailed demonstration of the movements to
be replicated; (2) lack of real-time feedback on the execution performed by
the athlete; (3) the necessity to keep looking at the phone while performing
exercises [69]. Ome of the main limitations of smartphones and video-
based solutions is the inability to provide feedback to the user about the
exercise execution, which can potentially lead to injuries [70]. The scientific
literature demonstrates [71] that the head’s movement is an important
descriptor of the quality of the exercise performed by the whole body.

We overcome these limitations by proposing a system that relies on smart
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glasses, connected to a smartphone where the main application is running.

In our solution, I propose a virtual personal trainer consisting of a high-
quality avatar, whose role is to explain the execution of the workout exer-
cises, provide active feedback on the quality of the athlete’s performance,
and actively support the user during the activity. The athlete can interact
with the avatar through gestures as if it were a training mate. Our goal is
to recreate an immersive experience, setting the user at ease and guiding
him /her through a comfortable training experience. In this regard, using
smart glasses allows the user to interact naturally with the environment,
avoiding uncomfortable limitations like having to look at the screen while
performing exercises.

To demonstrate the viability of our proposed solution, we focus our
attention on three phases of the workout: warm-up, main exercise, and
stretching. Following the advice of professional trainers, we have focused
our attention on the air squat. In this exercise, the neck must maintain
a perpendicular alignment with the ground while the gaze keeps pointing
forward [71]. The smart glasses can track the trajectory of the head, so
we exploit this feature to monitor the correctness of the movements during
the squat and turn it into valuable real-time feedback.

The main contribution of our work can be summarised as follows:

e Immersivity of the experience: the personal trainer needs to mimic

the behavior of a real human being.

e Multi-view perspective: exploring the three-dimensional environment,
the user can learn the exercises by watching the execution from all the

points of view.

e Monitoring exercises and live feedback: we utilize head posture infor-

mation to monitor the exercise’s quality.

94



CHAPTER 6. META-TRAINER 6.2. METHOD

e Gamification of the application: We provide users with a range of
avatar options, including human-like or cartoon-like characters, tap-
ping into the imaginative world of young individuals. Additionally,
we offer the exciting prospect of rewarding users based on the quality

of their movement during exercise.

6.2 Method

As far as the trainer component is concerned, our goal is to design near-
lifelike human avatars that can accurately mimic the subtle movements
and gestures commonly observed in a fitness environment. As for the
application workflow, we aim to recreate the experience of a typical workout
routine that a user might undertake either at the gym or in the comfort of

their own home.

6.2.1 The Meta-Trainer avatar

Our study aims to develop an immersive virtual fitness trainer specifically
designed for AR settings using smart glasses. The overall quality and real-
ism of this experience rely heavily on the high-fidelity representation of the
virtual trainer avatar. While available 3D characters provide satisfactory
human body and mesh quality, they are mostly designed for gaming and
entertainment purposes. In our scenario, instead, we require the avatar to
reproduce accurate animations of gym exercises such as squats or push-ups.
This turns out to be way more challenging as it implies the replication of
accurate body articulations.

To address this issue, we utilized the precision of the Optitrack motion
capture system [44], a cutting-edge tool known for its robust tracking ca-
pabilities and accurate data acquisition. The captured motion data is then

applied to the chosen mesh, enabling realistic and accurate representations
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of fitness exercises. The use of the motion capture system to acquire the
template exercise ensures the realistic behavior of the avatar, providing a
smooth and non-robotic experience that effectively engages and motivates

users.

A key aspect of our project is the ability to visualize the trainer’s move-
ments from multiple perspectives within a 3D environment. For instance,
the stretching exercises involve complex movements, which are not fully
visible from a single viewpoint. The possibility to explore the model from
different angles enhances the accurate reproduction of the exercise. Users
can potentially interact with the virtual coach using gestures and voice

commands, further enhancing the overall experience.

6.2.2 The Application Workflow

The application aims at replicating the experience of a typical workout
session, supervised by the virtual trainer. The hand gestures provide max-
imum freedom and easy interaction with the system. The smart glasses can
track hand movements and allow seamless interaction without the need to

constantly look at the smartphone screen.

As shown in Figure 6.2, we now break down the implemented architec-
ture, providing the details of the main components of the proposed solution,

consisting of a prototype app, and the related workflow:
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6.2.

METHOD

Settings

Start the workout

Warm up

l

Showing squat

Helper

Real-time analysis squat

A 4
Lunges

l

Stretching

N,

Back to Home

_/

Statistics and gamification

Figure 6.2: Workflow of the application.

97



6.2. METHOD CHAPTER 6. META-TRAINER

(a) Hardware setup of the (b) Observe the (c) Real-time feed- (d) Movement analy-
application. trainer. back. sis.

Figure 6.3: The hardware utilized consists of Nreal Light smart glasses, which are paired
with a smartphone. With this setup, the user can visually observe the trainer during
the exercise (b) and receive real-time feedback (c). This feedback enables the user to
make immediate adjustments to their movement, ensuring proper form. The analysis of

movement includes tracking the user’s head movement (d) as a key factor.

TRAINREAL

Training is only a gesture away!

® ©.

Figure 6.4: Starting interface when wearing the smart glasses.

1. Initialization: the home page of the app allows the user to choose the

activity to be conducted, including a brief tutorial, as well as the app
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settings and initialization of the training session.

2. Settings: users can customize the trainer’s appearance and input per-
sonal details such as their name, weight, and height for a more appro-
priate training session. Additionally, they can choose their dominant

hand for interacting with the app.

3. Helper: this section presents users with disclaimers and information

about the app. The user can also enable or disable the quick tutorial.

4. Play: when the user virtually presses the Play button, the actual

workout is started.

6.2.3 Workout Session

1. Warm Up: The workout begins with a quick warm-up, including
jumping jacks, high skips, and back skips. Then, users can move,

stop, or turn around the avatar to get a better view of the exercises;

2. Squat: as of now, the main part of the workout includes squats and
lunges. At first, the user learns the right way to do a squat by watching
the movements performed by the Meta-Trainer. To better understand
the movements, users can pause the avatar and closely observe the
exercise. Seeing the exercise from different views is helpful for people
who are new to working out (Figure [6.3b)).

3. Real-time analysis of the squat: once the observation phase is com-
plete, the user can start the workout. In this scene, we exploit the in-
tegrated sensors of the smart glasses to track users’ head movements,
which are a meaningful descriptor of the overall performance [71].
Real-time feedback shows the overall performance through graphical
representations, as shown in Fig. [6.3d] Users get two graphs as feed-

back in this scene: one for the top view and one for the front view of
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the exercise. These graphs show how well they are performing. For
instance, when the user performs a squat, they will see a circle with
color scales, and the objective is to keep the position as close as pos-
sible to the circle. A black point moving away from the green zone
indicates an incorrect execution. The user can then correct their exer-
cise to avoid injuries. After the user completes the squat descent and
returns to the initial position, the app displays the vertical trajectory

of the head, providing immediate feedback;

4. Lunges: after the squat part, we move on to lunges. This part shows
the user the right way to do the lunge. As already seen in the previous

scenes, the user can stop, observe, and move around the trainer;

5. Stretching: the workout experience ends with the stretching session.
Watching the trainer from different angles is particularly useful in this

scene, since some body parts may be hidden from a single viewpoint.

Statistics and gamification: in this final scene, we provide the user with
a summary of their workout, showing them key statistics. When previous

workout data are present, we compare their results to see progress.

6.3 Scores and Feedback

The gamification aspect of our application plays a crucial role in enhancing
user engagement through the earning of rewards based on the quality of
the exercises. To evaluate the quality of the exercise, we track the athlete’s
head trajectory in real-time, and, using a virtualized plot, we display the
position of the head overlapped with the reference position. Scores are cal-
culated based on the accuracy of the movement, promoting the gamification
aspects, in the form of digital trophies/badges. To enhance user experience

and create an emotional bond between the application and the user, we
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also implement realistic gestures of the trainer avatar when the exercise is
performed successfully, as shown in Fig [6.5. To provide a comprehensive
training experience, we incorporate familiar tools commonly used during
workouts. This includes a stopwatch, tracking of calories burned, hydra-
tion alerts, and a repeat counter. Additionally, at the end of each session,
users can record short clips of their training sessions, and share them on
social media. Our application is a reliable tool for athletes at all levels,
facilitating self-improvement and offering a gateway to sports and fitness
for beginners. However, its use extends beyond domestic training and can
be valuable also for professional athletes seeking to improve their exercise

posture and self-supervision.

6.4 Results

6.4.1 Hardware Setup

The hardware used for this application consists of the smart glasses Nreal
Light, an optical see-through MR device, coupled with a smartphone.
When the application is launched on the smart glasses, users can place
their smartphones in their pockets and use hand gestures to interact with
the application (Fig. . The interaction with the application is facili-
tated through hand gestures, eliminating the need for physical contact with
the smartphone. This gesture-based control system enhances user comfort

and allows for uninterrupted and immersive workout sessions.

6.4.2 Application

The proposed solution enables users to check their correct posture during
activities and fosters an engaging experience between the Meta-Trainer

and the user. Upon opening the app, users can select their preferred Meta-
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Trainer’s appearance from the settings. The training workflow begins, con-
sisting of two types of exercises. Firstly, the Meta-Trainer demonstrates
the exercises and encourages user participation. Secondly, and most impor-
tantly, the Meta-Trainer provides feedback on the quality of the exercises.
The interaction between the user and the Meta-Trainer is designed to be
as human-like as possible, thanks to realistic animations, voice prompts,
and movements. The feedback section also includes an evaluation of the
activities by monitoring the user’s head postures during the exercises. We
have selected the back squat as an exercise to analyze and as is stated in
the paper [71], the pose of the head is a fundamental parameter for a
correct execution of the exercise. Thanks to the application, we can now
monitor the user’s head posture during exercises. We provide two views:
a top view and a front view, allowing real-time assessment of the exercise
from a head posture perspective. This enables users to instantly check if
they are performing the exercise correctly in terms of their head posture.
In Figure [6.5] for the front view (Figure the goal is to match the
blue line of the user trajectory with the green line which is the correct
one. This feedback is presented during the exercise so the user can correct
in real-time his posture directly in the next repetition. In Figure [6.5D]
we see the top view feedback interface where the black point represents
the user position; during the back-squat movement, he/she has to remain
within the green circle. When the user completes the exercise, the software
elaborates a score indicating the quality of the exercise execution.

We compute the final reward as a score L£(d), analyzing the quality of

the squat concerning the target template, as follows:

1 _1)%100, ifde0,0.5
E(d) — (d+0.5 ) [ ) (61)
0, ifd>0.5

where d is the distance between the center of the circle presented in
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(a) Front view feedback (b) Top view feedback

Figure 6.5: Interface feedback of the back squat

Figure [6.5b] and the current position of the user’s head. This distance
is computed every half second and the values are collected throughout
the squat exercise. The final score, which indicates the performance, falls
within a range (higher is better). It is calculated by taking the mean of all

the data collected during the exercise.
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Chapter 7

Conclusion

7.1 Capturing 3D scene

In this thesis, we have proven the effectiveness of the proposed solution
to perform the spatial calibration between two devices. The adoption of
the MoCap system and an ad-hoc printed 3D bracket in our procedure
allowed us to meet our requirements. Furthermore, we have also addressed
the temporal inconsistency between the coupled devices, by statistically
modeling the delay and building a roll-out filter. Using also a low-pass
filter to increase even more the hologram stability in the user experience.

The proposed spatial and temporal calibration procedures need to be
performed just once for a specific couple of devices since the results are then
reproducible on many other equal setups. The adoption of such a system
is validated through many tests for AR purposes, showing improvements
in rotation accuracy and in the delays present inside the AR experience.
This enables the user to obtain an accurate and real-time overlaying of the
holograms on the real world.

To evaluate the accuracy of the proposed solution, a technique to mea-
sure the angular error around the altitude axis has been designed and im-
plemented. The results highlight an angular error of 0.449° for the proposed

solution, which translates into 1.6 cm of translation error at a distance of
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2 meters. Unfortunately, the approaches of other authors do not give such
precise metrics, not allowing a direct comparison. Furthermore, the codes
of the solutions proposed in chapter |2 are not open-source and rely on ad-
hoc hardware. Therefore, it has not been possible for us to apply our error
evaluation metrics on their solutions.

As the final part, I tested the applicability of the smart glasses as hard-
ware for the industrial world. I tried to adopt the device in our use cases,
developing real prototypes and applications. For example the visualization
of the electricity network overlay on the real world in Fig. [£.17]

7.2 3D Reconstruction

I provide a comparative analysis of neural radiance field-based reconstruc-
tion methods and classical photogrammetry for unbounded scenarios. I
show results in playgrounds and excavations sites, to access the perfor-
mances in easy and complex scenarios. In our setup, photogrammetry
has proven to provide superior reliability in complex scenes, especially
on excavation sites. Proving also better results in modeling completely
flat areas which in the NeRF methods presents some artifacts. Although
training /reconstruction times are generally not the main concern in the
reconstruction of working areas, some applications might benefit from fast
reconstruction times. In this aspect NeRFstudio provided the best speed
in the reconstruction, requiring just 15 minutes for the training of a scene.
An important aspect that needs to be analyzed is the reliance of the cur-
rent rendering pipelines for virtual and augmented reality purposes, which
rely on meshes representations. This need is advantage for the classical
photogrammetry since its final goal is to obtain a mesh representation.
In contrast, neural rendering technologies focus primarily on view synthe-

sis, offering an alternative that eliminates the need for mesh generation.
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SuGaR and more in general 3D-GS techniques produce an explicit rep-
resentation that allows for the splatting of Gaussians in the same way
traditional methods splat triangles. This feature enables SuGaR to render
the scene in real-time, making it possible to use it in existing pipelines.
In the future, I see 3D-GS to be a potential replacement for mesh repre-
sentations, especially in scenarios requiring the realistic reconstruction of

complex environments.

7.3 Meta-Trainer

To enrich the experience of smart glasses I participated with other col-
leagues in the project Meta-Trainer. The project consists of an AR ap-
plication that exploits the smart glasses Xreal [11] which allows users to
train from home in an immersive environment with real-time feedback on
their performances. The application allows for safe and interactive training
sessions suitable for newbies and expert athletes. From this experience, I
can say that despite the great evolution of the devices in the last years and
the big advantages that they bring, like the possibility to work hands-free,
the smart glasses are not ready yet. On the other hand, I believe that the
transition from smartphones to smart glasses is not that far away, at least
in very specific contexts, and I think that solutions like Xreal or Snap-
dragon ODM, that combine the smart glasses with the smartphone, could

be a promising and challenging area that is worth being explored.

7.4 Future research and consideration

As a prospect for the company’s research, the idea is to take another step
forward. The goal is to understand georeferenced 3D models by leveraging

artificial intelligence algorithms to automatically segment and classify the
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contents within these models.

This approach represents a significant innovation, as it will enable op-
erators, after collecting the 3D scene, to automatically have all the infor-
mation classified and integrated into their geographic information system
layers on the application’s map.

As a final reflection on my Ph.D. experience in industrial innovation, the
goal of the program was to bridge the gap between the research world and
industry. From my experience, despite the challenges of balancing both
activities, the experience has been a success.

I had the opportunity to introduce MR smart glasses into the academic
environment, sparking interest among students and within the research
group itself. At the University and within the MMLab, I was able to consult
with valid researchers on my topic to improve my work and had also the
opportunity to use laboratories, especially the Multisensory lab [72].

I also had the opportunity to work with talented students, bringing them
into my company for internships and thesis work, giving them the chance to
experience the corporate world. A significant achievement was being able
to create a final product for the company the 3D Photo Survey [73], thanks
in part to the research and relationships developed during my Ph.D. period.
In conclusion, despite having a part-time experience at the University, I

believe the overall experience was a success.
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