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Abstract

Urban Digital Twin cities are powerful tools leveraging 3D modelling, multi-source
data, and online geographic information systems to assist urban planning, infrastructure
management, and decision-making. However, traditional 3D reconstruction methods face
significant limitations in meeting the demands of next-generation Digital Twins. These
conventional approaches struggle with scalability, lack photorealism, and struggle with
computational efficiency. This thesis addresses these challenges by proposing a compre-
hensive framework that leverages recent advances in AI-driven 3D reconstruction and large
language models (LLMs), paving the way for efficient, accurate, and user-accessible Urban
Digital Twins of the future.

To address the challenge of generating accurate and efficient large-scale outdoor 3D
point clouds from remote sensing images, this thesis introduces a novel pipeline that com-
bines Google Earth imagery with Gaussian Splatting techniques. This approach enables
dense and photorealistic 3D reconstruction at the city scale, significantly improving view
synthesis quality and reconstruction accuracy over previous methods. The proposed frame-
work is demonstrated through the reconstruction of the City of Waterloo, representing one
of the first large-scale applications of Gaussian Splatting in urban modelling.

For the challenge of efficiently generating precise 3D mesh representations of individual
buildings, a new pipeline is developed that integrates open-set foundational object seg-
mentation models with the latest Gaussian Splatting techniques. The pipeline leverages
Google Earth Studio, allowing users to generate detailed 3D building models from basic
inputs such as an address, postal code, geographic coordinates, or place name.

This thesis presents the Digital Twin Buildings framework to improve the accessibility
and usability of digital twin systems. It combines mesh-based 3D reconstruction with cloud
mapping services and a novel multi-agent system powered by large language models. This
framework enables the automated retrieval, visualization, and analysis of 3D building mod-
els alongside GIS-integrated data. It supports natural language interactions, automated
code generation, and multi-modal analytics. A case study on air quality analysis during
a major wildfire event illustrates the system’s potential to support decision-making and
interdisciplinary urban research.

By unifying these contributions, this thesis demonstrates a significant step toward ac-
curate and efficient digital twin systems for urban modelling. It provides a blueprint for
developing the next generation of Urban Digital Twins accessible to users through AI-
assisted tools supporting natural language interactions.
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Chapter 1

Introduction

Digital twin systems are digital representations of physical systems combining digital (3D)

modelling with integrated data and data analytics. Urban Digital Twins are digital repre-

sentations of cities that integrate multi-source real-time data and cross-domain analytics

with 3D modelling. I.e. Urban Digital Twins are digital twin systems of cities focusing

on sensor integration and interconnections of multiple relevant information systems (usu-

ally via the internet). Urban Digital Twins can capture complex interactions between

infrastructure and human activities by leveraging the Internet of Things (IoT) connected

sensor systems and Geographic Information Systems (GIS). Unlike static 3D city models,

Urban Digital Twins are continuously updated with real-time data or internet-connected

data streams, providing an evolving digital representation of the physical world. Predictive

data analytics is used to enhance decision-making, allowing planners, policymakers, and

other stakeholders to visualize, simulate, and optimize urban systems in a virtual environ-

ment. This seamless integration of sensor data and digital modelling makes Urban Digital

Twins a powerful tool for tackling modern urban challenges [1, 2].
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3D modelling is the first step towards the creation of Urban Digital Twins. The recon-

struction and modelling of 3D structures from 2D images have gained significant attention

due to recent advancements in photorealistic view synthesis methods with 3D reconstruc-

tion capabilities. This is an interdisciplinary research area that bridges computer vision,

computer graphics, and photogrammetry. It has diverse applications across multiple do-

mains related to digital twins, including autonomous navigation facilitated by 3D scene

understanding [3], remote sensing, and photogrammetry for creating 3D maps crucial for

navigation, urban planning, and administration [4]. This field of research has seen multiple

breakthroughs in recent years.

The integration of cloud platforms and large-language model (LLM) platforms signifi-

cantly enhances the efficiency and accessibility of Urban Digital Twins. Cloud platforms

can provide both the data and the computational backbone for Urban Digital Twins,

enabling real-time ingestion, storage, and processing of massive datasets—ranging from

high-resolution 3D city scans to sensor streams and remote sensing imagery [5]. By lever-

aging distributed cloud architectures, cloud-based computing resources ensure cost-efficient

scalability for complex simulations, such as traffic flow modelling or disaster response plan-

ning. Furthermore, cloud-based geospatial services (e.g., Google Earth Engine, Google

Maps Platform, Azure Maps) enrich Urban Digital Twins with up-to-date contextual lay-

ers, such as weather patterns or land-use changes, creating dynamic, multi-source urban

representations from data streams. Complementing this infrastructure, LLMs introduce

advanced natural language processing (NLP) capabilities to Urban Digital Twins. LLMs

automate semantic analysis of textual/image inputs to identify emerging urban issues and

generate human-readable reports or policy recommendations. They also enable intuitive,

conversational querying for code generation in Urban Digital Twins, allowing non-technical

users to interact with complex urban models using natural language. Together, cloud plat-
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forms and LLMs advance the analytical capabilities of Urban Digital Twins by integrat-

ing multi-modal data streams and automating insight generation. This in turn supports

evidence-based decision-making in complex, dynamic urban environments.

1.1 Motivation

This thesis is motivated by exploring, adapting, and improving very recent developments

in computer vision and natural language processing to help create the next generation of

urban digital twin systems. Recent advances in 3D computer vision and natural language

processing (NLP) have revolutionized how complex systems are modelled and analyzed [6,

7]. By leveraging and building on these advances, this thesis improves accuracy, efficiency,

and user accessibility in digital twin systems modelling of urban environments.

Recent breakthroughs in 3D scene reconstruction, such as Neural Radiance Fields

(NeRF) [8] and Gaussian Splatting [6], enable photorealistic 3D environments to be learned

from 2D images, capturing accurate dense geometry and photorealistic lighting. This is

unlike traditional methods reliant on LiDAR or photogrammetry typically used in estab-

lished Urban Digital Twins. Concurrently, the impact of large language models (LLMs) on

most aspects of information technology cannot be overstated. For Urban Digital Twins,

LLMs can transform large amounts of text and image data into actionable insights and

even automate code generation, improving user accessibility. The rise of cloud-based map-

ping services, GIS services, and computing services supports scalable, real-time geospatial

data processing, lowers deployment barriers, and acts as a reliable data source stream.

Established Urban Digital Twins systems typically use classical photogrammetry meth-

ods for 3D modelling, and in general, do not leverage state-of-the-art advances in AI
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systems (such as newer large language models (LLM) and LLM-based AI systems) [9]. Al-

though these Urban Digital Twin Systems are well-established, the aforemen-

tioned recent innovations in computer vision and natural language processing

offer great opportunities for improving accuracy, efficiency, and accessibility

in both the 3D modelling and the data analytics aspects [10]. Specifically, Gaus-

sian Splatting-based approaches can improve the accuracy and efficiency of both large

and small-scale 3D geometry generation, in addition to creating photorealistic renders for

downstream applications. LLM systems can generate code and perform large-scale data

analysis with simple natural language instructions, greatly improving efficiency and user

accessibility.

This thesis unites Gaussian Splatting, novel LLM systems, and cloud mapping platform

integration in a local-scale (urban) digital twin system framework that contributes towards

building a blueprint for the next generation of more accurate, efficient, and accessible Urban

Digital Twins.

1.2 Research Objectives

The overarching aim is prototyping the next generation of digital twin systems for urban

environments focusing on large-scale 3D reconstruction, small-scale 3D reconstruction, and

AI-powered data analytics. This thesis explores and advances the application of Gaussian

Splatting (GS) in large-scale 3D point cloud reconstruction and local-scale mesh extraction.

It also explores the digital twin modelling capabilities of recent developments in large

language models and vision language models and designs LLM systems for user accessible

automated data analytics. These explorations resulted in the design of novel information

systems and computer vision frameworks with demonstrable improvements over previous
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methods.

The thesis research is structured into three projects, each addressing a distinct challenge

or phase in the (urban) digital twin system prototyping.

The first objective was to explore the capabilities of Gaussian Splatting in

large-scale urban 3D modelling (as dense 3D point clouds) to replace classical

3D photogrammetry for Urban Digital Twins, as well as to benchmark against

NeRF-based view synthesis method as a potential alternative. For this objective,

I developed and evaluated a large-scale 3D point cloud extraction and novel view synthesis

method using Google Earth Studio imagery and Gaussian Splatting methods, and was one

of the earliest to use Gaussian Splatting in a large-scale remote sensing context. The tested

Gaussian Splatting methods were orders of magnitude faster than similar NeRF methods,

and significantly more photorealistic. The resulting 3D point cloud densification was also

more geometrically accurate.

Focusing on the scale of individual buildings, the second objective was to

create an efficient and precise Gaussian Splatting-based 3D mesh extraction

framework. For this objective, I created the Gaussian Building Mesh (GBM) pipeline,

which leverages an enhanced version of 2DGS for 3D mesh extraction. This includes re-

fining segmentation and masking techniques using state-of-the-art deep learning models

to improve the quality and accuracy of Gaussian Splatting-based reconstructions. Com-

pared to the then state-of-the-art Gaussian Splatting-based mesh extraction framework,

my method produced cleaner 3D mesh, is more robust to difficult scenes, and has faster

training speed.

The third objective was to integrate Gaussian Splatting-based 3D models

with cloud mapping platform-based Geographic Information Systems (GIS)
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and large language models (LLMs) to enable intelligent and accessible digital

twin systems. This involves developing a framework for retrieving, visualizing, and ana-

lyzing multi-modal geospatial data using a newly designed multi-agent LLM system with

code automation and intelligent message passing for data analysis.

By addressing these objectives, this thesis contributes to the advancement of AI sys-

tems for real-world geospatial applications, especially contributing to prototyping the next

generation of Urban Digital Twin.

1.3 Contributions

The research in this thesis is divided into three separate projects, each presented in their

respective chapters, which make up the body of this thesis. Part of the background theory

and literature review contributes to my survey manuscript (or more precisely, is constituted

from): “NeRF: Neural Radiance Field in 3D Vision, Introduction and Review” and its

additional chapters on Gaussian Splatting.

Research 1: “Enhanced 3D Urban Scene Reconstruction and Point Cloud Densifica-

tion using Gaussian Splatting and Google Earth Imagery” presents a large-scale 3DGS-

based point cloud extraction method and is the first work to propose using Google Earth

Studio as a data source for remote sensing-based Gaussian Splatting training. It is also one

of the earliest works on large-scale remote sensing-based Gaussian Splatting. This project

served as my exploration of remote sensing-based Gaussian Splatting and its performance

under different scales and conditions for remote sensing urban scenes.

Research 2: “Gaussian Building Mesh (GBM): Extracting a Building’s 3D Mesh with

Google Earth and Gaussian Splatting” is a pipeline that allows for fast and accurate extrac-
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tion of a building’s 3D mesh from its name, address, postal code, or geographic coordinates.

The proposed GBM uses 2DGS+, an unpublished version of 2DGS that incorporates many

state-of-the-art improvements to Gaussian Splatting. Key contributions include the cre-

ation of the pipeline, which uses SAM2 with GroundingDINO for building mask extraction;

improvements to the masking module, which enable the training of Gaussian Splatting on

masked images; and the development of a mask refinement procedure that reduces noise

and improves mask geometry. This resulted in a pipeline that is more robust, accurate,

and faster than the previous state-of-the-art.

Research 3: “Digital Twin Buildings: 3D Modelling, GIS Integration, and Visual

Descriptions Using Gaussian Splatting, ChatGPT/Deepseek, and Google Maps Platforms,”

presents a framework named Digital Twin Buildings as a prototype digital twin system at

the individual building scale, although it can easily be extended to city-scale. Starting from

a building’s address, coordinates, place name, or postal code, the framework uses GBM,

the pipeline presented in Chapter 4, to extract its 3D model. The 3D building model

is then integrated with Google Maps Platforms and a newly designed multi-agent large

language model (LLM) system via Python API bindings. The LLM-based data analytics

are demonstrated in experiments involving the analysis of multi-view, multi-scale images

extracted from Map Platform API calls and processed using a multi-agent LLM system.

The LLM system is also capable of code generation and execution from natural language-

based user prompts, greatly improving user-accessibility.

An additional case study on a practical application of Digital Twin Building’s with

cloud-mapping integration and multi-LLM data analytics + code generation-execution is

included in Chapter 5.5. These experiments were not part of the original manuscript for

Paper 3, but contributed towards an independent publication. The Digital Twin Building

framework was used to automatically retrieve and analyze air quality data from the Los
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Angeles California Pacific Palisades area, from January-09-2025 to February-09-2025, a

time period in which the neighbourhood was devastated by wildfires. This data is compared

against two baselines over the same time period and analyzed to benchmark the policy

recommendation capabilities of the LLM system.

1.4 Outline of the Thesis

The body of the thesis consists of the three aforementioned research projects, each con-

tributing to a preprint manuscript or peer-reviewed paper. The first two projects are

presented in Chapters 4 and 5, focusing on 3D reconstruction and novel view synthesis.

The third project, detailed in Chapter 6, explores cloud mapping service integration and

LLM-based data analysis.

Chapter 1 introduces and motivates the research in this thesis.

Chapter 2 provides the background knowledge and literature review for this thesis.

Chapter 3 presents early experiments on urban 3D Gaussian Splatting which resulted

in the peer-reviewed paper “Enhanced 3D Urban Scene Reconstruction and Point Cloud

Densification using Gaussian Splatting and Google Earth Imagery” (Research 1).

Chapter 4 presents a novel 3D building mesh extraction pipeline and related experi-

ments which resulted in the manuscript “Gaussian Building Mesh (GBM): Extract a Build-

ing’s 3D Mesh with Google Earth and Gaussian Splatting” (Research 2).

Chapter 5 presents Digital Twin Building, a novel framework building modelling,

and related experiments, which resulted in the manuscript “Digital Twin Buildings: 3D

Modelling, GIS Integration, and Visual Descriptions Using Gaussian Splatting, ChatGP-

T/Deepseek, and Google Maps Platforms” (Research 3). An additional set of experiments
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on the analysis of air quality data using the Digital Twin Building framework is appended

as Section 5.5 of Chapter 5 (Case Study).

Chapter 6 contains additional discussions, and suggestions for future research directions,

and concludes this thesis.
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Chapter 2

Background and Related Works

This chapter presents the background and the literature review, with a large focus on

Gaussian Splatting. The Gaussian Splatting section (Section 2.4) is meant to be read as

a reference and is more mathematically detailed than most introductions to the subject.

The section also assumes knowledge of homogeneous coordinates and camera projection.

The other sections can be read as short introductions to the background knowledge and a

review of the literature.

2.1 Relevant 3D Representations

This section provides a brief introduction to the 3D representations relevant to this thesis

including point clouds, voxels, 3D meshes, radiance fields, and signed distance functions.
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2.1.1 Explicit Representations

Point Clouds

Point clouds are explicit 3D representations in the form of an unordered list of points. Each

point is an n-tuple (x, y, z, ...), with (x, y, z) denoting spatial coordinates. The additional

point cloud features can include point colour (r, g, b), local normal (nx, ny, nz), and/or

feature vector f⃗ which can greatly vary depending on the data source and application.

Point clouds are permutation-invariant representations (more specifically, point cloud

processing algorithms should be permutation invariant), as they are an unordered list of

3D points and point features. Depending on the source, a point cloud of a scene can

often exhibit density variation due to the nature of its acquisition during scanning or pho-

togrammetric reconstruction. Point clouds are often products of 3D scanning via LiDAR(s)

or structured light scanners, or they are generated using photogrammetry, simultaneous

localization and mapping (SLAM), or structure from motion (SfM).

Voxels

Voxels (volumetric pixels) are the three-dimensional analogue of 2D image pixels. In voxel

representations, numerical values (e.g., colours, density or occupancy, feature vectors) are

stored on a discrete three-dimensional array. Voxels are fixed-resolution representations:

once the voxelization resolution is chosen, the space is subdivided into voxels of identical

volume. The voxel 3D-indexing location corresponds to the data’s spatial location. Many

2D pixel-based computer vision algorithms generalize well to 3D voxels since images are 2D

voxel equivalent representations. However, the curse of dimensionality in three dimensions

imposes a much harsher trade-off between resolution and memory/storage requirements in
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Figure 2.1: Diagram of the constituents of a 3D mesh, adapted from [11].

three dimensions than in two dimensions.

Meshes

3D meshes are explicit representations of scene geometry as 3D surfaces. These surfaces

are stored as a collection of vertices, edges, and faces that define the surface of a poly-

hedral representation of an object or a scene (see Figure 2.1). The faces are typically

triangular, but quadrilateral meshes and other polygonal meshes are also commonly used,

replacing triangles with other polygons. Meshes can also be coloured or textured using

colour and texture maps, which can enable photorealistic rendering of the 3D object. Be-

cause algorithms for mesh generation, mesh intersection, collision detection, rendering,

and physics-based rigid and non-rigid body simulations are well understood, 3D meshes

are widely used in computer graphics, 3D modelling, numerical simulations and scientific

numerical modelling.
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2.1.2 Implicit Representations

Implicit representations are mathematical functions which represent 3D structures, typi-

cally as field functions f : R3 → V mapping 3D spatial coordinates in R3 to some set of

values V . In theory, implicit representations are resolution-independent, as the function

can be queried at any level of discreteness, allowing for the capture of details at any scale.

Implicit representations are often used in computer graphics and 3D animations/rendering.

Most relevant to this thesis, implicit representations are fundamental to Neural Radiance

Fields. In Neural Radiance Fields, multi-layer perceptrons (MLPs) are used to learn and

store the 3D representation field functions.

Density and Radiance Fields

A density field is a function

σ : R3 → [0, 1] (2.1)

mapping 3D coordinates (x, y, z) to a volume density value in the interval [0,1]. The

scene can be represented by a single density field describing the geometry of the scene.

Alternatively, multiple density fields can be used by assigning a density field to each object

or object-class of interest in the scene.

A radiance field is a function

F : R3 × S2 → R4 (2.2)

mapping 3D coordinates and camera view direction (x, y, z, θ, ϕ) to local volume density

value and local view-dependent colour value (σ, r, g, b). These radiance fields can be used

to generate photorealistic images of the scene via volume rendering.

Neural Radiance Field (NeRF) methods typically use simple neural networks to learn
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the scene’s radiance field(s). These neural networks are typically multi-layer perceptrons

(MLPs) with a directionless density branch and a directional colour branch.

Signed Distance Functions

Signed Distance Functions given by,

fsdf : R3 → R (2.3)

map a 3D coordinate (x, y, z) to the signed distance d to the nearest surface. d is the

positive distance if the point (x, y, z) lies outside the oriented surface, and d is the negative

distance if the point lies inside. Surfaces are defined at fsdf = 0. As such, root-finding

algorithms can be used to find surfaces defined by signed distance functions. Similar to

radiance fields and density fields, both scene-based or object-based signed distance func-

tions can be used. Certain NeRF methods replace neural density fields with neural signed

distance functions to better learn and represent 3D surface geometry. Signed distance func-

tions are also fundamental to the Truncated Signed Distance Function integration meshing

algorithm.

2.1.3 Truncated Signed Distance Function Integration

The Truncated Signed Distance Function integration (TSDF) algorithm [12] produces a

3D mesh from a depth maps-based or signed distance function-based representation. This

method is extensively used to mesh Gaussian Splatting models which can rasterize depth

maps in parallel with RGB images. In short, with TSDF, a fixed-resolution voxel grid is

first defined and then populated with truncated signed distance values. Then a mesh is
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generated on a per-voxel basis.

In more detail, a truncation threshold distance δ is defined by the user. Starting with

2D depth maps, at each voxel, for each depth image, the depth values are projected onto

the voxel as a truncated signed distance value di = zvoxeli − zobserved|voxeli truncated at

amplitude δ. This process is illustrated in Fig. 2.2. The voxel’s truncated SDF value is

updated as a weighted average for each new depth map. This is given by

Figure 2.2: Diagram of TSDF depth projection, sourced from [13]. The zero-curve (zero-
surface in 3D) of the signed distance function used to represent geometry is drawn as a
bold line.

TSDF(v) =

∑
iwi · trunc(di)∑

i wi

, trunc(d) =


δ if d > δ,

−δ if d < −δ,

d otherwise

(2.4)

where the depth map weights wi depend on the implementation (e.g. uniform weights for

Gaussian Splatting vs. moving averages for RGB-D camera). Alternatively, if available,
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Figure 2.3: Per-voxel triangle mesh based on vertex configuration, sourced from [14].

an SDF-based 3D representation can be evaluated and truncated at the voxel locations to

populate the voxel.

Once the voxel is populated with TSDF values, the marching cubes [14] algorithm is

used to extract a 3D mesh. For the marching cubes algorithm, each TSDF voxel is flagged

as “inside” (TSDF value ≤ 0) or “outside” (TSDF value > 0) the surface we wish to

extract. Then, a new voxel grid is defined using the TSDF voxels as vertex values. The

binary “inside/outside of surface” checks at the eight voxel corners define 256 possible

configurations (28 configurations, canonically reduced to 15 due to symmetries). The voxel

grid is populated with mesh triangles based on corner configurations using a look-up table.

This is shown in Fig. 2.3. By meshing every cube in the voxel grid, the output is a 3D

mesh representation of the surface defined by the TSDF step.
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2.2 Photogrammetry and Structure fromMotion Pre-

processing

The standard implementations of Gaussian Splatting and NeRF rely on COLMAP [15]

for preprocessing 2D images to extract image poses and/or initial 3D points [6, 8]. This

Structure from Motion (SfM) preprocessing takes a collection of unordered images with

unknown camera poses, and outputs the camera pose of each image, as well as a sparse

point cloud. In remote sensing, COLMAP would be called a photogrammetry method and

is conceptually similar to many commonly used photogrammetry libraries and software

packages. Like most SfM methods, COLMAP SfM consists of the following steps.

Feature Extraction: In this step, for each image, key points are identified, and robust

camera viewpoint-invariant local features are assigned to these key points. Image pairs with

potentially overlapping points are then identified.

Geometric Verification: A scene graph is constructed, with images as nodes and

edges connecting overlapping images. This is done by verifying potentially overlapping

image pairs by estimating a valid homography using a robust estimation technique, such

as a variant of Random Sample Consensus (RANSAC) by [16].

Image Registration: Starting from an initial image pair whose key points are trian-

gulated into 3D, new images with overlap (as determined by the scene graph) are added

to the scene. This is achieved by solving the Perspective-n-Point problem [16], which esti-

mates camera poses given a set of 3D points and their 2D projections. This step robustly

estimates the pose of the newly registered image.

Triangulation: Given key points viewed from two images with known poses, the key

points are triangulated [17] into 3D. Newly registered images extend the scene by enabling
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additional key points to be triangulated into the 3D reconstruction.

Error Correction: To correct errors in registration and triangulation, bundle adjust-

ment [18] is performed. This involves jointly optimizing the camera poses and 3D points

by minimizing the squared error of the reprojection of the 3D points onto the image planes.

COLMAP [15] introduced various innovations, including improvements to geometric

verification, enhanced robustness in initialization and triangulation, a next-best-view se-

lection method, and an iterative, more efficient bundle adjustment method. These ad-

vancements resulted in the COLMAP SfM library.

2.3 Novel View Synthesis

Novel view synthesis is a field in computer vision with the objective of rendering 2D

images of a scene under arbitrary poses given source images with specific poses.

2.3.1 Rendering

Rendering is the process of creating a 2D image from a 3D representation. In the context

of this thesis, we will cover two families of rendering techniques, rasterization vs. volume

rendering.

Both NeRF and Gaussian Splatting methods are fundamentally based on two core con-

cepts: differentiable rendering/rasterization and learning-based 3D representation. Dif-

ferentiable rendering and rasterization enable the computation of gradients during the

creation of 2D images from a 3D representation. This, in turn, allows for the learning and

refinement of the 3D representation through loss function optimization, similar to neural

network training.
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2.3.2 Differentiable Volume Rendering and NeRF

(Direct) Volume rendering is also known as volumetric ray tracing and volumetric ray

casting. For a to-be-rendered image with a camera pose, a ray is traced through each pixel

and through the 3D scene. Using a simple camera model, such as the pinhole model, the

ray is traced from the camera’s centre of projection and travels through a pixel on the

image plane of the to-be-rendered image, which is positioned between the camera and the

volume being rendered. As the ray travels through the scene, local density and colour

are accumulated along the ray and α-blended to create the pixel’s colour. This process is

repeated for each pixel of the to-be-rendered image. [19]

This is given by

C(r) =

∫ t2

t1

T (t) · σ(r(t)) · c(r(t),d) · dt, (2.5)

where σ(r(t)) and c(r(t),d) represent the volume density and colour at point r(t) along

the camera ray r with viewing direction d, and dt represents the differential parametrized

distance element travelled by the ray at each integration step. T (t) represents the accu-

mulated transmittance, which is the probability that the ray travels from t1 to t without

any obstruction. It is expressed as:

T (t) = exp(−
∫ t

t1

σ(r(u)) · du). (2.6)

Eqs. (2.5) and (2.6) can be discretized in various ways.

In Neural Radiance Fields [19], a typical approach is to use non-deterministic stratified

sampling. This is done by sub-dividing the ray into N equally spaced bins, and randomly

drawing a sample from each bin. Then, Eq. (2.5) can be approximated as
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Ĉ(r) =
N∑
i=1

αiTici, where Ti = exp(−
i−1∑
j=1

σjδj) (2.7)

where δi is the distance from sample i to sample i + 1. (σi, ci) are the density and colour

evaluated along the sample point i given the ray. αi the transparency/opacity from alpha

compositing at sample point i, is given by

αi = 1− exp(−σiδi). (2.8)

In NeRF, this process is differentiable, ensuring gradient flow from the optimization

objective to the radiance fields stored inside multi-layer perceptrons. This allows for the

learning of radiance field-based 3D representation of the scene using gradient descent-based

optimization.

2.3.3 Differentiable Rasterization and Gaussian Splatting

(3D) Rasterization is the process of directly mapping 3D shapes and geometric primitives

to 2D images (as opposed to tracing a ray from the image into the 3D scene). The mapping

is typically a fixed function within the graphical pipeline, but usually involves a 3D to 2D

projection step and a colouring step. In the context of this thesis, we are interested in the

Gaussian Splatting tile-based rasterization, which is explained in more detail in Section

2.4.2.
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2.4 3D Gaussian Splatting

2.4.1 Gaussian Distributions

A 3D Gaussian distribution is an extension of the 1D Gaussian distribution to three dimen-

sions. It describes a probability distribution over three-dimensional space. Analogous to a

1D Gaussian distribution being characterized by a mean µ and variance σ2, a 3D Gaussian

distribution is characterized by a positional mean vector µ and a covariance matrix Σ.

A random vector x = (x1, x2, x3)
T follows a 3D Gaussian distribution if it has the

probability density function:

p(x) =
1

(2π)3/2|Σ|1/2
exp

(
−1

2
(x− µ)TΣ−1(x− µ)

)
(2.9)

where:

• µ = (µ1, µ2, µ3)
T is the mean vector in spatial position.

• Σ is the covariance matrix:

Σ =


σ2
1 Cov(x1, x2) Cov(x1, x3)

Cov(x2, x1) σ2
2 Cov(x2, x3)

Cov(x3, x1) Cov(x3, x2) σ2
3

 . (2.10)

2.4.2 Gaussian Splatting

Gaussian Splatting is used as the foundation for 3D reconstruction and view-synthesis in

this thesis. 3D Gaussian Splatting (3DGS) [20], the original Gaussian Splatting method,

is explained in this section. The pipeline is illustrated in Figure 2.4
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Figure 2.4: Diagram of the 3DGS framework and training process, forward flow and gra-
dient flow, sourced from [20].

From 2D images of a scene, 3D Gaussian Splatting learns and represents the scene

geometry using unnormalized 3D Gaussian functions as geometric primitives. These are

sometimes called Gaussian Splats. Each Gaussian is characterized by its mean µ ∈ R3 and

3× 3 covariance matrix Σ, which are learnable parameters.

G(x) =

(
−1

2
(x− µ)TΣ−1(x− µ)

)
. (2.11)

Learnable lighting parameters are also assigned to each Gaussian. The scene lighting and

colour are learned as third-degree spherical harmonics coefficients for each colour channel

attached to each Gaussian (48 parameters). Additionally, each Gaussian is assigned a local

(conic) opacity σ (1 parameter). Combined with the 3D mean/location (3 parameters) and

covariance matrix (3+4 parameters), this results in a total of 59 trainable parameters per

Gaussian. The 3D covariance matrix Σ is learned as a 3D scaling vector S, and a rotation

represented by a quaternion H = (r, i, j, k), which can be then used to reconstruct a 3D

rotation matrix R as follows.
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R =


1− 2(j2 + k2) 2(ij − kr) 2(ik + jr)

2(ij + kr) 1− 2(i2 + k2) 2(jk − ir)

2(ik − jr) 2(jk + ir) 1− 2(i2 + j2)

 . (2.12)

The 3D covariance matrix is then given by

Σ = RSSTRT (2.13)

where S is the diagonal matrix with S on the diagonals.

A sparse initial point cloud and training image camera poses are first computed using

a structure from motion library such as COLMAP [15]. A Gaussian is initialized at each

point in the sparse point cloud at the beginning of training. The Gaussian Splatting model

is then trained using the differentiable tile-based rasterizer.

Rasterization

The tile-based rasterizer splits the image into 16×16 tiles. For each tile, a view frustum is

projected into the 3D scene. 3D Gaussians are accumulated/assigned per tile according to

their overlap with the view frustum, and are projected into 2D by mapping their covariance

matrices Σ and means.

This mapping is essentially a rotation and translation mapping from world-space coor-

dinates to camera space coordinates and a projection mapping from camera space coordi-

nates to image coordinates (ray-space coordinates). Starting in homogenous coordinates

in world-space, this is given by

Σ′ = JWΣW TJT (2.14)
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where W is the view transformation and J is the Jacobian of the affine approximation of

the projective transformation. In homogenous coordinates, the view transformation matrix

W is given as a translation vector appended to a rotation matrix.

W = [R|t] =


R11 R12 R13 Tx

R21 R22 R23 Ty

R31 R32 R33 Tz

 . (2.15)

TheW ∈ R4×3 matrix transforms a 3D point from world-space coordinates (as homogenous

coordinates) to a 3D point in camera space coordinates (as Cartesian coordinates).


µc
x

µc
y

µc
z

 = W


µx

µy

µz

1

 . (2.16)

Although the original EWA splatting paper [21] defines the equations for generalized cam-

era projections, the standard Gaussian Splatting only implements the model for pinhole

camera models. For a pinhole camera with focal lengths fx, fy, J is given by

J =


fx
µc
z

0 −fx·µc
x

(µc
z)

2

0 fy
µc
z

−fy ·µc
y

(µc
z)

2

0 0 0

 . (2.17)

The third row and third column of Σ′ are then dropped to obtain the 2D covariance matrix

in the imaging plane. The 2D mean is simply the 3D mean projected onto the imaging

plane using the full camera projection. For a pinhole camera with intrinsic matrix P , this
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is given by

µ2D = PWµ3D. (2.18)

As a final coordinate transformation, the screen-space is normalized to height and width

1, into the Normalized Device Coordinates (NDC) via simple rescaling.

Gaussians are then sorted according to tile and by depth. For each pixel in a tile, the

pixel’s colour is generated via alpha blending accumulating in-scene direction-dependent

colour using the learned spherical harmonics coefficients (Section 2.4.2). This is given by

Ĉ(u, v) =
N∑
i=1

ciαi

i−1∏
j=1

(1− αj) (2.19)

where ci denotes the ith Gaussian’s directionally dependent colour and αi denotes its alpha

value. The alpha-value αi at a pixel location (u, v) is given by evaluating the 2D Gaussian,

scaled by its associated learned opacity oi scaled by the sigmoid function σ.

αi(u, v) = σ(oi)G
2D
i (u, v) (2.20)

where G2D(x) is the Gaussian (2.11) projected into 2D and onto the image plane via (2.14)

and rescaled to NDC. Although the standard Gaussian Splatting method does not use ray-

tracing but instead uses a projection-based rasterization method, we note the similarity of

the Gaussian Splatting alpha-blending equation given by Eq. (2.19) to the NeRF volume

rendering equation given by Eq. (2.7).

The rasterizer generates an image which is compared to the ground truth images using

a photometric L1 loss and LD−SSIM , a difference of Structural Similarity Index Measure

(D-SSIM) [22] loss via

L = (1− λ)L1 + λLD−SSIM (2.21)
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with λ being an adjustable weighing parameter defaulting to 0.2.

This entire rasterization process is differentiable, ensuring gradient flow from the train-

ing objectives to the trainable parameters. The 59 trainable parameters are optimized via

back-propagation and a gradient descent algorithm variants such as [23].

Densification and Pruning

3D Gaussian Splatting also densifies/grows new Gaussians in regions with high view-space

positional gradient (threshold τpos > 2.0× 10−4 as default). These regions correspond to

neighbourhoods with missing geometric features and regions with a few Gaussians covering

large areas of the scene.

In more detail, suppose a m pixels are covered by the i-th Gaussian. The standard

densification criterion in Gaussian Splatting is based on a threshold of the magnitude of

the per-Gaussian view-space positional gradient ∇µi2D
L = ( ∂

∂ui
, ∂
∂vi

)L, summed over all m

pixels covered by the Gaussian. This is given by

|gi| = |
m∑
j

(
∂Lj

∂ui

,
∂Lj

∂vi
)|. (2.22)

Low-variance Gaussians with view-space position gradients are duplicated. On the

other hand, high variance Gaussians are split into two with standard deviation divided by

a factor of 1.6. This process is illustrated in Figure 2.5. Unimportant Gaussians are also

pruned. Gaussians that are essentially transparent with opacity less than some user-defined

threshold (α < ϵa, default value at 5e − 3) are deleted. Every 3000 iterations (or some

other number of the user’s choosing), every Gaussian’s opacity is set to zero, then allowed

to be re-optimized, and then culled where needed. This process controls the number of
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Figure 2.5: Diagram of 3DGS densification, sourced from [20]. Both types of regions
are identified by thresholding per-Gaussian view-space positional gradients. An over-
reconstruction Gaussian has large covariances, an under-reconstruction Gaussian has small
covariances.

floater artifacts, and helps control the total number of Gaussians. This densification and

density control process can allow for point cloud reconstruction of similar density and

quality compared to a dense SfM/SLAM reconstruction.

RGB Spherical Harmonics

If we wish to add a directional dependence to a local colour, we might express this as

3-channel plenoptic colour field/light field at some fixed spatial position x0 = (x0, y0, z0)

C(x = x0, y = y0, z = z0, ϕ, θ) = (rx0(ϕ, θ), gx0(ϕ, θ), bx0(ϕ, θ)), (2.23)

where rx0 , gx0 , bx0 are real-valued functions for each of the respective colour channels, and

(θ, ϕ) are the polar and azimuthal viewing angles. The domain of these directional r, g, b

functions is the surface of a sphere, denoted by S2, parametrized by the two angles. The use
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of these directionally dependent colour functions instead of constant RGB colour values

is one of the reasons why images synthesized using Gaussian Splatting are much more

photorealistic than images rendered from a coloured point cloud.

The spherical harmonics form an orthonormal basis for L2 functions f : S2 → C on

the surface of a sphere. This is analogous to the Fourier series representation of periodic

functions on an interval. This means that any such functions f : S2 → C, such as the

aforementioned rx0 , gx0 , bx0 can be expressed as an infinite series

f(θ, ϕ) =
∞∑
l=0

l∑
m=−l

km
l Y

m
l (θ, ϕ). (2.24)

km
l is the spherical harmonic coefficient of degree l and order m, and is given by

km
l =

∫
S2

f(θ, ϕ)Y m
l (θ, ϕ)dS (2.25)

where dS is the differentiable surface element, given by dS = r sin θdθdϕ on a sphere. With

the appropriate coefficients, any colour functions can be represented. These coefficients

(up to degree 3 typically) are the parameters which are learned during Gaussian Splatting

training to store the local directionally dependent red, green, and blue colour intensity at

the location of each Gaussian primitive.

Y m
l is the complex spherical harmonics function of degree l and order m. Y m

l is defined

in terms of the associated Legendre polynomial Pm
l and is given by

Y m
l (θ, ϕ) =

√
(2l + 1)

4π

(l −m)!

(l +m)!
Pm
l (cos θ) eimϕ, (2.26)

The real valued spherical harmonics functions Ylm which are used to represent actual colours
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are defined in terms of the complex valued spherical harmonics functions as

Ylm =



√
2 Im[Y

|m|
l ], if m < 0,

Y 0
l , if m = 0,

√
2 Re[Y m

l ], if m > 0.

(2.27)

Standard Gaussian Splatting approaches use 3 channels of spherical harmonics functions

up to degree l = 3, and use the Plenoxels [24] implementation of spherical harmonics

colours with the Cartesian coordinate conversion by expressing (θ, ϕ) as a directional unit

vector with d̂ = (xd, yd, zd) with r2 = x2
d + y2d + z2d = 1. This coordinate conversion can

be achieved by using Euler’s formula, trigonometric formulae, as well as the spherical-

Cartesian coordinate transformations.

x = r sin θ cosϕ,

y = r sin θ sinϕ,

z = r cos θ,

eiϕ = cosϕ+ i sinϕ =
x+ iy√
x2 + y2

.

(2.28)

The spherical harmonic functions up to degree 3 are listed in Table 2.1. For ease of

notation, we drop the subscript denoting unit vector component (xd → x). Shown in the

table is the Gaussian Splatting implementation, which is based on [25], with the following

simplifications: r → 1, and the following coordinate transformations: x → −x, y → −y.
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Table 2.1: Real valued spherical harmonic functions Y lm on the unit sphere (r = 1) in
Cartesian coordinates up to degree 3

l = 0 l = 1 l = 2 l = 3

m = −3 −1
4

√
35
2π
(3x2 − y2)y

m = −2 1
2

√
15
π
xy 1

2

√
105
π
xyz

m = −1 −1
2

√
3
π
y −1

2

√
15
π
yz −1

4

√
21
2π
y(4z2 − x2 − y2)

m = 0 1
2

√
1
π

1
2

√
3
π
z 1

4

√
5
π
(2z2 − x2 − y2) 1

4

√
7
π
(2z2 − 3x2 − 3y2)z

m = 1 −1
2

√
3
π
x −1

2

√
15
π
xz −1

4

√
21
π
(4z2 − x2 − y2)x

m = 2 1
4

√
15
π
(x2 − y2) 1

4

√
105
π
(x2 − y2)z

m = 3 −1
4

√
35
2π
(x2 − 3y2)x

2.4.3 2D Gaussian Splatting

Figure 2.6: Diagram of 2D Gaussian Splats, sourced from [26]. 2D Gaussian Splatting uses
surfaced aligned 2D Gaussian primitives embedded in 3D to represent the 3D scene. A 2D
Gaussian is represented by it’s 3D position pk, it’s scale su, sv, and it’s orientation tu, tv.

2D Gaussian Splatting (2DGS) [26] enhances the standard 3D Gaussian Splatting

(3DGS) method, improving the quality of 3D surface geometry. The key innovation in

2D Gaussian Splatting is the use of 2D planar Gaussians instead of 3D Gaussians for
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scene representation. Like standard 3DGS, 2DGS employs Gaussian primitives that store

spherical harmonic coefficients for each colour channel, local transparency α, and 3D loca-

tion/positional mean pk. However, unlike 3D Gaussian primitives, 2D Gaussian primitives

have two scalar values to represent variance (su, sv) and two tangent vectors (tu, tv) whose

cross product results in the normal vector that defines orientation (see figure 2.6). Depth

maps can be accurately rendered using the projected depth value. The 2D Gaussian is

evaluated on the local (u,v) tangent plane

G(u, v) = exp

(
−1

2
(u2 + v2)

)
. (2.29)

The (u, v) plane in (3+1)D world coordinates is parametrized by

P (u, v) = pk + sutuu+ svtvv = H(u, v, 1, 1)T . (2.30)

H =

sutu svtv 0 pk

0 0 0 1

 . (2.31)

The 4×4 H matrix contains the geometric information of the Gaussian and takes the role

of the covariance matrix. The tangent-space to image-ray mapping is given by

x = (xz, yz, z, z, )T = WP (u, v) = WH(u, v, 1, 1)T (2.32)

where W is the combined 4×4 matrix of world to camera and camera to screen.

Importantly, instead of the tile-frustrum-based rasterization method, a ray-splat in-

tersection is used for rasterization, making 2DGS slightly more similar to NeRF than

the standard 3DGS. To compute ray-splat intersections, a pixel ray at image coordinate
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x = (x, y) is defined as the intersection of two orthogonal planes in projective space:

x-fixing plane: hx = (−1, 0, 0, x)T (2.33)

y-fixing plane: hy = (0,−1, 0, y)T (2.34)

The (x, y) pixel’s x-fixing plane is the plane that fixes the x-coordinates of a pixel in image

space. It has a normal vector (−1, 0, 0)T (parallel to the X axis) and is offset by x. The

plane itself is parallel to the Y − Z plane (hence, the plane is defined by a fixed X = x

and free Y − Z coordinates). The plane equation given a normal vector n is given by

n · (X, Y, Z, d)T = 0. (2.35)

For the x-fixing plane, this is given by

−1X + 0Y + 0Z + x = 0 =⇒ X = x. (2.36)

This results in the homogenous coordinate representation of hx = (−1, 0, 0, x)T . hy follows

similarly. These are transformed into the local (tangent frame) uv-coordinate system of

the 2D Gaussian using the transpose of the world-to-image matrix (WH)T :

hu = (WH)Thx (2.37)

hv = (WH)Thy (2.38)

The intersection point in local coordinates (u, v) lies on both transformed planes, resulting
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in the following constraints:

hu · (u, v, 1, 1)T = 0 (2.39)

hv · (u, v, 1, 1)T = 0 (2.40)

Solving for the intersection point (u(x), v(x)) yields the coordinates:

u(x) =
h2
uh

4
v − h4

uh
2
v

h1
uh

2
v − h2

uh
1
v

(2.41)

v(x) =
h4
uh

1
v − h1

uh
4
v

h1
uh

2
v − h2

uh
1
v

(2.42)

where hi
u, h

i
v are the i-th elements of hu and hv. Once (u(x), v(x)) are found, they can

be substituted back into Eq. (2.29) to evaluate the Gaussian at the pixel’s ray, and in

Eq. (2.32) to obtain the depth value z. The rasterization process is similar to standard

3DGS, with a tile-based alpha-blending-based rasterizer with frustrum culling. However,

the evaluation of 2D Gaussians is computed with ray-splat intersection as G(x) at ray x.

c(x) =
∑
i=1

(ci)σiGi(x)
i−1∏
j=1

(1− σj)Gj(x) (2.43)

To handle degenerate cases, such as when a Gaussian appears collapsed due to a slanted

view, a screen-space low-pass filter is applied:

G(x̂) = max

(
G(µ(x)), G

(
x− c

σ

))
.

Here, c is the projected center of the Gaussian, and σ =
√
2
2

ensures stability and sufficient

pixel coverage.
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This ray-splat intersection calculated depth z, the standard Gaussian Splatting loss

function is modified with an additional depth distortion loss Ld and a normal consistency

loss Ln.

Ld =
∑
ij

wiwj|zi − zj| (2.44)

where wi is the blending weight of the i-th ray-splat intersection given by (2.19), and zi is

its ray depth.

Ln =
∑
i

wi(1− nT
i n) (2.45)

wi is the same blending weight as before. ni denotes the normal vector of Gaussians i

oriented towards the camera, n is the depth map’s gradient-based normal given by

n(x, y) =
∇xps ×∇yps

|∇xps ×∇yps|
(2.46)

where ps is the median intersection point denoting the location at which the accumulated

opacity reaches 0.5. Ln aligns the 2D splats to surfaces by aligning 2D splat normals to

depth map normals. Ld minimizes the distance between ray-splat intersections, concen-

trating splats along the ray. The final loss is given by a weighted sum of all three losses:

L = Lc + λdLd + λnLn (2.47)

where Lc is the photometric loss given by Eq. (2.21).
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2.5 Large Language Models and Transformers

Large Language Models (LLMs) are deep learning models designed to process and generate

human-like text. These models are trained on vast amounts of textual data and leverage

transformer architectures [27] to understand text-based context, semantics, and linguistic

structures. These models, designed for Natural Language Processing (NLP), are typically

trained to interpret text-based prompts and generate text-based outputs in a human-like

manner.

LLMs have achieved widespread adoption since 2023, having significantly advanced

natural language processing (NLP) tasks, including text generation, translation, summa-

rization, and question-answering. Beyond basic image and text interpretation, these mod-

els recently exhibited expert-level problem-solving in various scientific and engineering

domains [28,29].

The development of LLMs is driven by improvements in computational power, large-

scale datasets, and optimization techniques. They employ self-supervised learning and

fine-tuning strategies to adapt to domain-specific applications. However, despite their

capabilities, LLMs pose challenges related to computational efficiency, interpretability, and

ethical concerns, such as bias and misinformation.

Due to their large size, LLMs often face hardware constraints for local deployment.

While popular LLM providers such as OpenAI and Deepseek, provide web browser inter-

faces for their models, they also offer Application Programming Interfaces (APIs). These

APIs enable client-side software or code to query LLMs hosted on OpenAI or Deepseek

servers, facilitating large-scale data processing without requiring human-in-the-loop ma-

nipulations via browser interfaces.

Transformers [27], proposed in 2017, are the primary neural networks that power large
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language models. The Transformer architecture is built using attention layers and feed-

forward layers (along with some other minor neural network design components). An

encoder-decoder Transformer as originally proposed is illustrated in Figure 2.7, although

modern Transformers are often only encoder-based or decoder-based.

The attention mechanism in transformers enables the model to weigh the relevance of

different tokens in the input sequence dynamically. It does this by computing a weighted

sum of value vectors, where each weight is determined by the similarity between a query

vector (derived from the current token) and key vectors (derived from all tokens). This

Figure 2.7: The original Transformer [27] architecture comprised of a Transformer Encoder
and a Transformer Decoder.
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process, known as scaled dot-product attention, allows the model to capture long-range

dependencies and contextual nuances irrespective of the tokens’ positions in a low inductive

bias architecture. By using multiple attention heads, the transformer can learn to focus

on various aspects of the data simultaneously, greatly enhancing its performance across a

wide range of tasks. The equations for the multi-head attention layer are as follows:

Attention(Q,K, V ) = softmax

(
QKT

√
dk

)
V (2.48)

Q = XWQ, K = XWK , V = XW V (2.49)

MultiHead(Q,K, V ) = Concat(head1, . . . , headh)W
O (2.50)

This architecture, comprised of attention layers and feed-forward layers, has been shown

to be very scalable, more so than any other mainstream neural architecture so far. This

scalability allowed for the building of large language models at the billion or trillion pa-

rameter scale.

2.6 Evaluation Metrics

Novel view synthesis metrics are used throughout multiple chapters. These are intro-

duced here. Chapter specific metrics are introduced in the respective chapters. To as-

sess the quality of synthesized/rendered/rasterized 2D images, Peak Signal-to-Noise Ratio

(PSNR), Structural Similarity Index Measure (SSIM) [22], and Learned Perceptual Image

Patch Similarity (LPIPS) [30] are used as full-reference image assessment metrics. These
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metrics compare generated images to ground truth images. PSNR is a good indicator of

the presence of noise and visual artifacts, whereas SSIM and LPIPS have been shown to

correlate better with human judgment of the visual similarity of an image to its reference

image.

PSNR measures the difference between the original image Y and the synthesized image

X in terms of the peak signal power and the power of the noise that affects the quality of

the image, with higher PSNR suggesting greater image quality with less noise and fewer

visual artifacts. This is given by

PSNR(X,Y) = 10 · log10
(

MAX2

MSE(X,Y)

)
(2.51)

where MAX denotes the dynamic range/maximum possible pixel value (255 for 8-bit inte-

gers, 1.0 for floating point numbers), and MSE denotes the pixel-wise mean squared error

between reference and compared images.

SSIM [22] takes into account the structural information of the images, such as lumi-

nance, contrast, and structure, and is highly correlated to human perception. It computes

the similarity based on local patterns, measuring the consistency of structural information

between the two images, with higher SSIM suggesting greater visual similarity between

ground truth and generated image. SSIM = 1 indicates perfect agreement. This is given

by

SSIM(x, y) =
(2µxµy + C1)(2σxy + C2)

(µ2
x + µ2

y + C1)(σ2
x + σ2

y + C2)
(2.52)

where µx, µy are the pixel-intensity-based local means, and σ2
x, σxy are local variances and

covariances. C1, C2 are user-defined hyper-parameters defaulting to C1 = (0.01MAX)2,

C2 = (0.03MAX)2, with MAX denoting the dynamic range. The local pixel intensity

statistics are calculated inside a sliding window Gaussian kernel and averaged across the
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image.

LPIPS [30] computes the similarity between feature maps of the ground truth and

synthesized image using pretrained convolutional neural networks. LPIPS has been shown

to correlate well with human judgment in various image quality assessment tasks, with

LPIPS = 0 indicating perfect agreement between the deep visual features of ground truth

and synthesized image. This is given by

LPIPS(x, y) =
∑
l

1

HlWl

Hl∑
h=1

Wl∑
w=1

ωl∥(fl(x)h,w − fl(y)h,w)∥22 (2.53)

where fl(.) denotes the convolutional feature map at layer l with height Hl and width Wl

and ωl denotes a layer-wise weight parameter with different defaults according to which

pretrained convolutional neural network is used.

2.7 Google Earth Studio

Google Earth Studio [31] is a web-based animation tool that utilizes Google Earth’s satellite

imagery and 3D terrain data for geospatial visualizations. It enables users to extract images

from specified camera poses at chosen locations, leveraging Google Earth’s geographic data.

The imagery is sourced from various government and commercial datasets, including but

not limited to Landsat/Copernicus, TerraMetrics, Airbus, NOAA, U.S. Navy, USGS, and

Maxar. Images from these sources are combined with 3D tiles on the Google Cloud back-

end to generate 2D multi-view remote sensing images. In this thesis, I use Google Earth

Studio to acquire multi-view remote sensing images of a building or a neighbourhood based

on its address, postal code, place name, or geographic coordinates along a defined camera

path.
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2.8 3D Reconstruction from 2D Images

Classical 3D reconstruction from 2D images is well-studied [32]. Photogrammetry is well

understood in remote sensing and computer vision and is widely used for academic, in-

dustrial, and commercial purposes. For this purpose, multiple software suites and li-

braries [15, 33–37] are available, with some specifically designed for remote sensing ap-

plications. Many of these not only allow for the extraction of a sparse point cloud from 2D

images but also generate a 3D mesh. These 3D meshes are often more desirable than point

clouds, as they are more photorealistic and better suited for 3D modelling and simulations.

COLMAP [15], in particular, is worth highlighting. It is a photogrammetry and

Structure-from-Motion (SfM) library widely used as a preprocessing step for modern novel

view synthesis and learning-based 3D rendering methods. It is included in most Gaussian

Splatting models’ pipelines [6], including my own.

2.9 Developments in Neural Radiance Fields

Neural Radiance Field (NeRF) [19], introduced in 2020, has garnered significant attention

in 3D computer vision. In NeRF-based models, the 3D representation consists of a 3D

radiance field (directionally dependent colour field) and a 3D density field, both repre-

sented as Multi-Layer Perceptrons (MLPs). Differentiable volume rendering is employed

to generate 2D images by sampling and integrating local 3D colour, radiance, and den-

sity. These radiance and density fields are trained from scratch using a photometric loss

function, allowing NeRF models to learn a 3D representation of a scene from 2D images.

Significant advancements have been made in this area since 2020, including [38–40], which

all improve the fundamental aspects of the NeRF rendering process, resulting in higher
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view synthesis quality and rendering speed.

2.9.1 Geometry Extraction

NeRF methods are implicit or hybrid representation methods, which means that their

learned 3D representations are either fully or partially stored inside deep neural networks.

However, many NeRF-adjacent differentiable volume rendering methods exist [24, 41, 42]

that store 3D representations explicitly. The Plenoxels paper is worth highlighting, as

Plenoxels was the first recent neural rendering method to use spherical harmonics-based

colour encoding for novel view synthesis. The original Gaussian Splatting paper [20], along

with the vast majority of subsequent Gaussian Splatting papers (those that do not modify

colour encoding), uses the same implementation of spherical harmonics as Plenoxels.

Extracting 3D geometry from NeRF is not straightforward. The naive approach is to

voxelize the NeRF density field stored inside the NeRFMLP(s) by querying and discretizing

it in a regular grid. In practice, this approach returns poor quality 3D geometry and

struggles to properly reproduce solid 3D surfaces. The issues are mainly caused by the

smooth implicit density field, which needs to be thresholded at solid surfaces. However,

there is no fixed threshold that works well across all scenes. Even within a scene, a fixed

threshold often fails to discretize all surfaces properly.

Some methods focus on improving 3D geometry extraction by transforming the im-

plicit representation from a density field to a distance function-based approach [43–46] or

occupancy field-based approach [47]. This allows the NeRF MLP to learn and store a

signed distance function–like 3D representation, which can be queried directly. These 3D

representation fields are then converted into the density fields required for NeRF volume

rendering.
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2.9.2 NeRF in Remote Sensing and/or Urban Environments

Urban scenes, unbounded, full of transient objects (e.g., pedestrians and cars), and with

changing lighting conditions pose a challenge to the learning of 3D scene representation.

Methods like NeRF-W [48], Mip-NeRF-360 [49], Block-NeRF [50], and Urban Radiance

Fields [51] proposed solutions to some of these problems and are suited for ground-level view

synthesis and 3D urban reconstruction. Aerial view 3D reconstruction and view synthesis

from remote sensing images have also been attempted with methods like Bungee/City-

NeRF [52], Mega-NeRF [53], Shadow NeRF [54], and Sat-NeRF [55]. These methods aimed

to solve problems such as stitching local NeRFs into large-scale urban scenes, multi-scale

city view synthesis, and shadow-aware scene reconstruction for high-rises.

2.10 Developments in Gaussian Splatting

The original 3D Gaussian Splatting (3DGS) model [20], first proposed in 2023, and subse-

quent Gaussian Splatting models have largely surpassed NeRF-based approaches over the

past year. 3DGS uses a large number of 3D Gaussian distributions (also known as prim-

itives in computer graphics) as a learned 3D representation. In addition to standard 3D

Gaussian distribution function parameters, each Gaussian primitive also has directionally

dependent colour and opacity α, all of which are trainable parameters. The method uses

a differentiable tile-based rasterizer, projecting the 3D Gaussians onto the image to be

rasterized, and α-blending the projected Gaussians. This allows the 3D Gaussians repre-

senting the scene’s radiance and geometry to be learned from scratch using a photometric

loss function. Compared to NeRF, Gaussian Splatting models are generally much faster

to train and have higher view-synthesis quality, but require more memory and storage.
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2.10.1 Gaussian Splatting in Remote Sensing and Urban Envi-

ronments

Methods such as [56–60] applied Gaussian Splatting to remote sensing or improved Gaus-

sian Splatting for urban scene capture, which addressed challenges arising from unbounded

scenes, transient objects, large scene scale, and incomplete view coverage. Hugs [56], which

was jointly optimized for view synthesis, semantics, and motion using both static and dy-

namic Gaussians, achieved excellent results across a wide variety of KITTI [61] benchmark

tasks. HO-Gaussian [57], optimized for KITTI-like large-scale driving datasets by elim-

inating the SfM initialization requirement, an alternative colour encoding method, and

introducing a method to ensure object consistency across multiple cameras. Hierarchical-

3DGS introduced a hierarchical approach for large-scale street-level scenes, training by

separating the scene into multiple chunks and consolidating chunks into an optimized

hierarchy-based 3D Gaussian representation. A hierarchy-based rasterization method was

also introduced [58].

[59] specifically addressed few-shot Gaussian Splatting training in remote sensing ap-

plications, where typical multi-view remote sensing datasets lack viewpoint variety, in

contrast to commonly used 3D computer vision benchmark datasets. The authors em-

ployed the pseudo-viewpoint augmentation method first proposed in [62], training each

input image under both its real and randomly augmented viewpoints. [60] applies Gaus-

sian Splatting for large-scale terrain reconstruction from remote sensing images from the

STPLS3D dataset [63], and integration with 3D engines, assessing scalability and applica-

tions to 3D simulations.

These methods focus on scene-wide capture and are not designed to extract the 3D

mesh of individual objects without further processing.

43



2.10.2 3D Geometry Extraction

Gaussian Occupancy Field (GOF) [64] modifies the rendering process from rasterization to

volume rendering (similar to NeRF models). Camera rays are traced from each pixel to be

rendered and intersected with Gaussians. Together with depth-based loss regularization,

this results in more accurate 3D geometry.

In contrast, 2D Gaussian Splatting (2DGS) [26], previously introduced in Section 2.4.3,

is a significant improvement on 3DGS itself, altering the nature of the Gaussian splats.

As a result, 2DGS can replace 3DGS in many pipelines, as demonstrated in this thesis.

Moreover, the use of surface-aligned 2D Gaussians as graphical primitives alongside depth

regularization yields more accurate 3D geometry reconstruction.

GS2Mesh [65], being an out-of-the-box pipeline leveraging Segment Anything Model

object masking, allows for the extraction of a 3D mesh from user prompting without

further training or processing. It motivated the research in Chapter 4. GS2Mesh does

not fundamentally change the Gaussian Splatting process but builds a 3D mesh extraction

pipeline using the standard 3D Gaussian Splatting method.

2.11 Developments in Large Language Models

Large Language Models are focused on large-scale (pre) training on large unsupervised/self-

supervised datasets. Popular training schemes include the masked language model scheme

[66] for encoder-based architectures and the autoregressive causal language model scheme

[67] for decoder-based architectures. More specialized models (as opposed to general-

purpose large language models) can sometimes also use the sequence-to-sequence training

scheme [68] (e.g. translation models) or contrastive training [69] (e.g. text-image dual
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modality models).

The most influential publications and models include the Bi-directional Encoder Repre-

sentation Transformer (BERT) [66], Generative Pretrained Transformers (GPT-1 to GPT-

4 [67, 70–72]), with GPT-3 (2020) being the first truly huge LLM with 175 billion pa-

rameters. LLaMA [73–75], focused on efficiency and was released as open-source, which

resulted in a great research impact. Subsequent versions [74, 75], focusing on fine-tuning

and multi-modality, followed this approach.

Certain models, such as DeepseekV3/R1 and their variants [76, 77], support Optical

Character Recognition (OCR, i.e., reading text from images). Models like “ChatGPT-

4o” [72] and its variants, and LLaMA 3.2+ [78], support full interpretation and analysis of

image content. This can be achieved by using image encoders with large-scale image-text

pretraining which allows for embedding of text and image to a joint latent space.

A representative example of this type of training is the Contrastive Language Image

Pretraining (CLIP) [69]. CLIP jointly trains an image encoder and a text encoder to

align their latent representations in a shared embedding space. The training objective

brings representations of predefined matching image–text closer together while pushing

apart non-matching pairs using a contrastive loss given by

L =
1

2

[
− 1

N

N∑
i=1

log pii −
1

N

N∑
i=1

log p′ii

]
(2.54)

where pii is the probability that image i matches its text, and p′ii is the probability that

text i matches its image. This is given by a softmax of cosine similarities between the two

respective embeddings.
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pij =
exp (sij/τ)∑N
k=1 exp (sik/τ)

. (2.55)

where sij is the cosine similarity of image i and text j given by Eq. (5.5) and τ is a scaling

hyperparameter.

A CLIP-trained image encoder can then be used to embed images and image tokens in

a way that is compatible with text token embedding for large language models.
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Chapter 3

Enhanced 3D Urban Scene

Reconstruction and Point Cloud

Densification using Gaussian

Splatting and Google Earth Imagery

This chapter is based on my research on large-scale urban Gaussian Splatting. This re-

search produced one of the earliest works on this aspect of Gaussian Splatting (despite

the fairly recent publication date). The chapter explores the use of Gaussian Splatting

for 3D view synthesis with hierarchically arranged remote-sensing scene images and the

resulting densification of 3D point clouds. Compared to earlier NeRF-based, MVS-based,

and traditional Structure From Motion, the result is more efficient, geometrically accurate,

and visually impressive. This chapter seeks to answer the following questions. The chapter

is constituted of my research paper eponymous with the chapter title [79].
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This chapter is organized as follows: Section 3.1 is the chapter’s introduction which

motivates and briefs the chapter’s research. Section 3.2 is the methodology section which

describes the chapter’s research. Section 3.3 presents and discusses the chapter’s results.

Section 3.4 is the chapter’s conclusion.

3.1 Introduction

Using only images from Google Earth Studio arranged in a hierarchical camera path com-

prised of concentric circles of increasing radius found to be ideal for large-scale urban

scenes, I train a 3D Gaussian Splatting model and a 2DGS+ model that outperforms pre-

vious NeRF-based models in terms of view synthesis results, and traditional point cloud

densification in terms of 3D reconstruction. I quantify and benchmark the view synthesis

performance on a large-scale urban dataset with 10 cities captured from Google Earth Stu-

dio, as well as the region of study. I also extract and densify the 3D geometry of the region

of study using 3DGS and compare it against a Multi-View-Stereo dense reconstruction.

Additionally, I experiment with the effect of simulated sunlight/time of day on Gaussian

Splatting. This chapter aims to answer the following questions.

• How does 3DGS compare with NeRF-based approaches for large-scale urban scenes?

• How does the standard 3DGS approach compare to more modern Gaussian Splatting

approaches?

• How well does the extraction of 3D geometry from Gaussian Splatting models as

densified point clouds work for urban scenes?
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Overall, the Gaussian Splatting-based methods (both recent and older) were found

to be more efficient, accurate, and visually impressive than NeRF-based, or traditional

methods.

3.2 Methodology

3.2.1 Study Area

The study area is the Kitchener-Waterloo Region in Ontario, Canada, centred at the

University of Waterloo. The city of Waterloo has a population of approximately 121

000 according to the 2021 census, and occupy 64.06 km2 of land [80]. The University of

Waterloo lies at 43.472°N, 80.550°W, its main campus occupies 4.50 km2. At the city scale,

the study area is comprised of various land use and land cover features such as urban roads,

buildings, agriculture, and other land use, low vegetation, water, mixed temperate forest,

and other land cover. For the view synthesis experiment, the study area is centred at the

Environment-1 (EV-1) building located at 43.468°N, 80.542°W, and covers roughly an area

of 165 km2. I perform large-scale view synthesis at the city scale, and 3D point cloud

comparison at the neighbourhood scale in an area of roughly. The Google Earth images

retrieved for the scene are primarily from Landsat/Copernicus, Airbus, Scripps Institution

of Oceanography (SIO), and National Oceanic and Atmospheric Administration (NOAA).

The study area lies on the traditional land of Neutral, Anishinaabeg and Haudenosaunee

peoples. The study area is situated on the Haldimand Tract, the land promised to the Six

Nations that includes six miles on each side of the Grand River.
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Figure 3.1: Plot of camera poses, and reconstruction for the study area: the Waterloo
scene, centred on the EV1 building at the University of Waterloo. Left: Google Earth
Studio camera path. Middle: COLMAP [15] SfM reconstructed sparse point cloud with
projected colour and camera poses (as red dots). Right: Google Earth © aerial image of
the study area, sourced from Airbus.

3.2.2 Google Earth Studio

For the study area, as camera paths, I used seven/(or some other user-defined number)

concentric circles at different altitudes, radii and tilt angles centred around the EV-1

building at the University of Waterloo, Waterloo, Ontario, Canada. This design choice

was inspired by BungeeNeRF [81], and is a major contributing factor in the

3D reconstruction results.

The first of these circles are of has a radius of 500 m, and an elevation of 475 m. The

last circle has a radius of 7250 m and an elevation of 3690 m. All images point towards and

above (at elevation 390 m) the EV-1 building in the University of Waterloo at 43.468 °N,

80.542 °W. The final circle’s images have a tilt angle of approximately 65.5 ° with respect to

the horizontal with some deviations (within ∼ 0.3 °). I gathered 401 images using Google

Earth Studio along the camera path defined using these circles. The study area and camera

poses, along with sparse SfM results can be seen in Figure 3.1. During preprocessing, poor
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SfM point cloud reconstruction results further than 6 km away from the scene center can be

observed, reasonable SfM reconstruction within 6 km, and good SfM reconstruction within

1 km where individual buildings can be identified. The SfM preprocessing resulted in a

sparse point cloud with 337382 points which were used to initiate 3D Gaussian functions for

3DGS. This multi-scale Google Earth Studio [31] dataset was inspired by the BungeeNeRF

dataset [52], which I also use for a multi-city large-scale view-synthesis benchmark.

For the BungeeNeRF scenes, I used the Google Earth Studio camera paths specified

by BungeeNeRF [52]. The BungeeNeRF dataset consists of 10 scenes for 10 cities. Each

scene is centred around a particular landmark, with camera paths defined by concentric

circles of different orbit radius and elevation, with the scene coverage reaching city-wide at

the highest elevation. Detailed information can found in Table 3.1 for the 10 BungeeNeRF

scenes and the Waterloo scene. The New York scene centred at 56 Leonard and the San

Francisco scene centred at Transamerica were used as main scenes for view reconstruction

benchmark in BungeeNeRF [52], and have 459 and 455 images respectively. These two

scenes were rendered at 30 frames per second in a 1:30 minute video. All other scenes

contain 221 images, and were rendered by fixing a frame limit of 220+1 given the fixed

camera path, and were used for additional visualizations. The original BungeeNeRF paper

contained two additional scenes (Sidney and Seattle), but the Google Earth Studio camera

paths were not provided for these two scenes.

Google Earth Studio allows simulated illumination changes from the sun’s position

(time of day) and the sky’s condition (clear sky/overcast). For the BungeeNeRF scenes’

experiments and the experiments in Waterloo, the study area, I used the default option

with a clear and uniformly illuminated sky, with no directional illumination from the sun.

Additional experiments on the effect of changing illumination with time of day and sky

condition can be found in the Appendix.
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Table 3.1: Google Earth Studio City Scenes Information

City Landmark Lowest (m) Highest (m)

New York 56 Leonard 290 3,389
San Francisco Transamerica 326 2,962
Chicago Pritzker Pavilion 365 6,511
Quebec Château Frontenac 166 3,390
Amsterdam New Church 95 2,3509
Barcelona Sagrada Familia 299 8,524
Rome Colosseum 130 8,225
Los Angeles Hollywood 660 12,642
Bilbao Guggenheim 163 7,260
Paris Pompidou 159 2,710
Waterloo EV-1 500 3690

3.2.3 Multi-View-Stereo Dense 3D Reconstruction

The MVS dense reconstruction I used as ground truth/reference geometry of the study

area is retrieved from COLMAP’s MVS algorithm [82]. This method is based on joint

view selection and depth map estimation [83]. The method is summarized as follows.

Depth and normal map estimation: Depth and normal maps are estimated for

a reference image by maximizing a joint likelihood function. This function considers all

images in a dataset, where some serve as reference and others as sources. It incorporates

three key components:

• Occlusion Mapping: Ensures smooth and consistent occlusion handling across spatial

regions and optimization iterations.

• Photometric Consistency: Aligns the reference and source images based on pixel

similarity.

• Geometric Consistency: Maintains alignment between depth and normal maps across

multiple views.
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These are used to refine depth and normal maps, ensuring accuracy and consistency across

multi-view geometry. For further details on the mathematical formulation and likelihood

function optimization, refer to [15].

Filtering and fusion: Photometric and geometric constraints are applied to filter

outliers, ensuring that each reference pixel is observed in at least three other images while

satisfying these constraints. A directed graph is created with consistent pixels as nodes and

edges connecting reference and source images. Fusion starts at the node with the highest

support (observed by the most source images). Nodes are recursively collected based on

depth, normal, and reprojection error constraints, and their attributes are fused into a

dense point cloud. Fused nodes are removed, and the process repeats until the graph is

empty. The final result is a dense point cloud with normals, which can be converted into

a mesh using methods like Poisson Surface Reconstruction.

3.2.4 Gaussian Splatting

This chapter uses 3D Gaussian Splatting (3DGS) and 2D Gaussian Splatting+ (2DGS+)

for large-scale remote sensing urban view synthesis and 3D reconstruction. Although 3DGS

and 2DGS are detailed in Chapter 2, they are briefly explained here for completeness.

2DGS+ builds upon 2DGS with multiple improvements and is introduced in more detail

in this section.

3DGS

3DGS [20] the original Gaussian Splatting method builds upon EWA splatting [21]. It

uses 3D Gaussian distributions as graphical primitives and a projection-based rasterization

method for 2D rendering. As learnable parameters, these 3D Gaussians each have a mean
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(as 3D in-scene positions), a covariance matrix, as well as attached spherical harmonics

coefficients for directionally dependent colour representation (typically up to degree 3, in

3 colour channels), and a Gaussian opacity.

The Gaussians rendered into a 2D image using a tile-based projection-based rasteriza-

tion method (unlike the ray-tracing-like volume rendering method of NeRF). The Gaussians

are mapped to the image-space coordinates. This mapping is essentially a rotation and

translation mapping from world-space coordinates to camera space coordinates and a pro-

jection mapping from camera space coordinates to image-space coordinates. Starting in

homogenous coordinates in world-space, this is given by

Σ′ = JWΣW TJT (3.1)

where W is the view transformation and J is the Jacobian of the affine approximation of

the projective transformation.

Gaussians are then sorted (and culled) according to tile and by depth. For each pixel

in a tile, the pixel’s colour is generated via alpha blending accumulating in-scene direction-

dependent colour using the learned spherical harmonics coefficients (Section 2.4.2). This

is given by

Ĉ(u, v) =
N∑
i=1

ciαi

i−1∏
j=1

(1− αj) (3.2)

where ci denotes the ith Gaussian’s directionally dependent colour and αi denotes its alpha

value. The alpha-value αi at a pixel location (u, v) is given by evaluating the 2D Gaussian,

scaled by its associated learned opacity oi scaled by the sigmoid function σ.

αi(u, v) = σ(oi)G
2D
i (u, v) (3.3)
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where G2D(x) is the Gaussian (Eq. 2.11) projected into 2D dimension and onto the image

plane via (Eq. 2.14).

2DGS and 2DGS+

One of the goals of this chapter is to compare the results from 3DGS, the original Gaus-

sian Splatting implementation against a state-of-the-art version that integrates numerous

innovations in terms of the densification and pruning processing, the optimization process,

and various other improvements from recent Gaussian Splatting research. I decided to use

2DGS+ [84], built upon 2DGS [26] as a representative state-of-the-art method. I describe

both 2DGS and 2DGS+ in this subsection.

Compared to 3DGS, 2DGS uses surface-aligned 2D Gaussian distributions as graph-

ical primitives. This results in a slightly different functional form for the Gaussian and

its learned parameters. More importantly, the method modifies the standard projection

method with a ray-splat intersection-based projection method which is slightly more simi-

lar to NeRF-based volume rendering. This is described in more detail in Section 2.4.3, and

can be found in [26].

Additionally, 2DGS provides geometry supervision with an additional depth distortion

loss Ld and a normal consistency loss Ln. These are given by

Ld =
∑
ij

wiwj|zi − zj| (3.4)

where wi is the blending weight of the i-th ray-splat intersection given by (2.19), and zi is
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its ray depth as calculated from the ray-splat intersection.

Ln =
∑
i

wi(1− nT
i n) (3.5)

wi is the same blending weight as before. ni denotes the normal vector of Gaussians i

oriented towards the camera, n is the depth map’s gradient-based normal given by

n(x, y) =
∇xps ×∇yps

|∇xps ×∇yps|
(3.6)

where ps is the median intersection point denoting the location at which the accumulated

opacity reaches 0.5. Ln aligns the 2D splats to surfaces by aligning 2D splat normals to

depth map normals. Ld minimizes the distance between ray-splat intersections, concen-

trating splats along the ray. The final loss is given by a weighted sum of all three losses:

L = Lc + λdLd + λnLn (3.7)

where Lc is the photometric loss given by

L = (1− λ)L1 + λLD−SSIM (3.8)

where a pixel-wise L1 loss and a difference of SSIM [22] loss. 2DGS+ is a state-of-the-

art implementation of Gaussian Splatting built on the foundations of 2DGS, created by

multiple GitHub contributors. I unofficially refer to this implementation as 2DGS+ [84].

It is an unpublished fork of the 2DGS repository. It combines many recent advances in

Gaussian Splatting, improving 2DGS with ideas from AbsGS [85], PixelGS [86], TrimGS

[87], AtomGS [88], StableNormal [89], GaussianPro [90], GOF [64], and Taming-3DGS [91].
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2DGS+ introduces densification improvements from AbsGS [85] and PixelGS [86].

Namely, a new densification criterion from AbsGS is introduced based on the magnitude

of each gradient component. Inspired by PixelGS, pixel coverage is employed as a weight

to average the gradients from different views before the densification check. Both methods

reduce needle-like artifacts (long floaters).

From TrimGS [87], 2DGS+ integrates a better pruning method by trimming redundant

and inaccurate Gaussians using an α-blending weight-based criterion, replacing the original

opacity-based criterion. 2DGS+ employs the progressive training method from Gaussian-

Pro [90], which includes multi-view-stereo-based densification and depth supervision. This

method improves the densification process by leveraging patch-matching techniques and

geometric priors to generate new Gaussians with already accurate positions and orienta-

tions.

From AtomGS [88], 2DGS+ integrates improved normal supervision by creating a new

edge-consistent normal loss coupling a curvature map and an edge map into the normal

supervision. This replaces the normal consistency loss of 2DGS.

From GOF [64], 2DGS+ integrates the Appearance Network (a small convolutional

neural network that encodes per-image appearance changes within the same scene) and the

Cloning with Sampling method, which resamples the new Gaussians’ parameters during

cloning to prevent stacking post-cloning.

2DGS+ uses Fused-SSIM from Taming-3DGS [91], a much faster implementation of

the structural similarity index measure, instead of the PyTorch implementation of SSIM,

which is used in the photometric loss term of Gaussian Splatting. Additionally, 2DGS+

supports DUST3R-based [92] initialization as an alternative to COLMAP. DUST3R is

generally faster than COLMAP and returns more accurate camera poses, but struggles
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with memory limitations when processing multiple images.

3.2.5 Metrics

For novel view synthesis, the metrics are introduced in Section 2.6. For point cloud ge-

ometry assessment, point-to-point (D1) mean squared error (MSE), point-to-surface (D2)

MSE, Hausdorff distance, and Chamfer distance are used, all of which compare a lower

quality point cloud to its reference point cloud [93]. Metrics such as D1 and D2 MSE do

not penalize differences in point density, only deviations of existing points from ground

truth/reference points. On the other hand, Chamfer and Hausdorff distances better cap-

ture the difference between the distribution of points, including differences in point density.

D1 and D2 MSE are simple mean squared error formulae. The Hausdorff distance between

a reference point cloud B and an assessed point cloud A is given by

dH(A,B) = max

{
max
a∈A

min
b∈B

∥a− b∥,max
b∈B

min
a∈A

∥b− a∥
}
. (3.9)

This represents the possible maximum distances between any point and its nearest repre-

sentative in the opposite point cloud. The Chamfer distance on the other hand, is given by

the sum of pair-wise distances from any point to its nearest representative in the opposite

point cloud.

dChamfer(A,B) =
∑
a∈A

min
b∈B

∥a− b∥2 +
∑
b∈B

min
a∈A

∥b− a∥2. (3.10)

Point clouds are registered to each other prior to calculating these metrics. The two point

clouds are aligned as closely as possible to each other using rotations, translations, and

potentially re-scaling.
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3.3 Experiments and Discussion

Figure 3.2: Ground truth, generated images, and visualization of Gaussian means of our
Waterloo scene at different altitudes and orientations. Left: Waterloo scene ground truth;
Middle: Waterloo scene 3DGS generated image; Right Waterloo scene visualization of
location of each 3DGS Gaussian, i.e. 3D positional mean of each Gaussian. These points
were then extracted as point clouds.
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3.3.1 Novel View Synthesis in the Study Area

For the region of study, I used COLMAP SfM [15] preprocessing and extracted 3D points

and camera poses from the 400 2D images. The experiments were performed with MipNeRF-

360 [49] style training validation split: one in eight images (∼ 12.5%) were reserved for

testing purposes. The 1920 × 1080 pixels images were downsampled by a factor of 4 during

training due to GPU memory constraints. I started densification at the 1000th iteration,

and trained for 50000 iterations, densifying every 100 iterations. I used an initial posi-

tional learning rate of 3.2×10−5 and a scale learning rate of 2×10−3 based on preliminary

experiments. The other training hyperparameters were kept as default.

The results are shown in Table 3.2 and Figure 3.2, in conjunction with further view

synthesis experiments from the BungeeNeRF dataset. I achieve high view synthesis visual

quality on both the training and test sets. From visual inspection, the rendered images

are nearly indistinguishable from the ground truth images. This is also supported by the

visual assessment metrics, with SSIM scores near 1, LPIPS scores near 0, which indicates

almost perfect visual agreement between ground truth and generated images. The PSNR

values of around 30dB also are indicative of good image quality and low level of noise. This

is comparable to the PSNR of a compressed image with respect to a full-sized image with

a good lossy compression algorithm [94], which is impressive considering the 3DGS model

was trained at 1
4
resolution.

3.3.2 3D Novel View Synthesis of Bungee-NeRF Scenes

For the BungeeNeRF scenes, the experiments were performed with MipNeRF-360 style

training and validation split as previously described. The experimental settings were kept

the same as the Waterloo scene experiments, except I reduced the total number of training
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iterations to 30000. BungeeNeRF provided detailed benchmarks for the New York and San

Francisco scenes, which were used for their main view-synthesis experiments. I performed

detailed comparisons of Gaussian Splatting against BungeeNeRF, vanilla NeRF and Mip-

NeRF for these two scenes. Additionally, I trained and evaluated Gaussian Splatting

models for the remaining eight scenes whose camera paths were provided by BungeeNeRF.

As observed in Table 3.3, across both the New York and San Francisco scenes, I see

a significant increase in view synthesis quality according to all three metrics. The visual

quality improvement from 3DGS to BungeeNeRF is much larger than the quality improve-

ment from BungeeNeRF to vanilla NeRF or any other benchmarked models. The large

increase in view synthesis quality does not come at the cost of training time. In fact, the

training of Gaussian Splatting models is three to four orders of magnitudes faster than

implicit NeRF models such as vanilla NeRF [95], Mip-NeRF [96], and BungeeNeRF [96].

Gaussian Splatting models achieve higher view synthesis quality with faster training and

rendering time at the cost of memory and storage requirement [97]. A comparison to a

much more modern implementation of 3DGS is included in Table 3.3, trained using de-

fault hyperparameters, using the same number of training iterations as the presented 3DGS

model. This implementation is dubbed 2DGS+ [84], which combines many recent advances

in 3DGS. The visual quality of 2DGS+ did not exceed that of the vanilla 3DGS in these

experiments, likely due 1) to fine-tuning of 3DGS parameters on my part, 2) the visual

quality of the presented 3DGS results are nearly indistinguishable from ground truth, and

3) the improvements in 2DGS+ are not aimed at improving visual quality on these large

scale scenes, but instead fix other issues with 3DGS.

As observed in the qualitative comparison in Figure 3.3, the images rendered using

3DGS are of high visual quality, and difficult to distinguish visually from ground truth

images except for a Google Earth watermark noticeable at the bottom right of ground
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Figure 3.3: Ground truth vs rendered images of the New York and San Francisco scenes
at different altitudes and orientations. Left to right: New York ground truth; New York
render; San Francisco ground truth; San Francisco render.

truth images. Compared with ground truth images, the rendered images have slightly

blurrier edges at the smallest scale (∼ 300 m altitude) and certain street-level details are

slightly less sharp at the largest scale (∼ 3000 m altitude). Also noticeable in ground truth

Google Earth images and rendered images is the piecing together of multiple data sources

at the largest scale at the bottom row of Figure 3.3. There is a visible discontinuous and

grid-like change in colouration of the water going from the San Francisco shoreline to the

San Francisco Bay and Golden Gate area, likely indicating areas where different aerial
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Figure 3.4: Novel view synthesis (rendered images) comparison of NeRF-based results on
the San Francisco scene. Left to right: NeRF, Mip-NeRF, BungeeNeRF L1, BungeeNeRF
L4.

and/or satellite images were stitched together. This effect was also learned by the 3DGS

model, as is visible in the respective rendered images.

NeRF-based novel view synthesis images are included in Figure 3.4. These images can

be compared with 3DGS and ground truth results at the top-left of Figure 3.3. Due to

limitations in hardware, I used smaller NeRF models than suggested by the BungeeNeRF

[52] authors, with a lower network depth at D = 6 and half the network width at 128.

Despite this, the training time was significantly longer compared to 3DGS across all NeRF

models by roughly a factor of 100, with BungeeNeRF L4 requiring around 400 times the

training time due to four separate training stages. The leftmost three models of Figure 3.4

have likely not converged compared to the NeRF benchmarks in Table 3.3 provided in [52]

In addition, I also tested the performance of 3DGS on the other BungeeNeRF Google

Earth Studio scenes. A 0.7 to 5.7 PSNR drop can be observed when moving from training

set to test set across all scenes in Table 3.1, indicating a certain degree of overfitting across

training views. The overfitting is more severe on the ∼ 200 image scenes compared to

the ∼ 450 image New York and San Francisco scenes, with the 400 image Waterloo scene

lying in the middle. The Bilbao scene, centred on the Guggenheim museum, has by far

the worst performing 3DGS reconstructions. This is perhaps due to a combination of the

complex building shape of the Guggenheim museum, a lack of sufficient training views at

low altitude, and poorer quality Google Earth 3D models at off-nadir view angles at low
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altitude which resulted in poor quality training images.

Table 3.2: Training set PSNR, and Test set PSNR/SSIM/LPIPS results across region of
interest and various BungeeNeRF scenes.

Dataset Train (PSNR↑) Test (PSNR↑ SSIM↑ LPIPS↓)
Waterloo 32.3 30.5 0.953 0.053

New York 31.5 30.7 0.964 0.050
San Francisco 30.8 29.9 0.952 0.067

Amsterdam 32.3 29.7 0.948 0.053
Barcelona 31.2 28.1 0.937 0.066
Chicago 32.3 30.0 0.959 0.046
Los Angeles 32.0 28.6 0.914 0.094
Paris 31.6 28.5 0.953 0.051
Rome 32.7 27.0 0.861 0.112
Quebec 32.9 30.1 0.953 0.060
Bilbao 32.1 27.2 0.851 0.141

Table 3.3: PSNR, LPIPS, and SSIM benchmarks on BungeeNeRF New York and San
Francisco scenes, NeRF results cited from [52].

New York (56 Leonard) San Francisco (Transamerica)
Method PSNR↑ LPIPS↓ SSIM↑ PSNR↑ LPIPS↓ SSIM↑
NeRF (D=8, Skip=4) [95] 21.7 0.320 0.636 22.6 0.318 0.690
NeRF w/ WPE (D=8, Skip=4) [95] 21.6 0.365 0.633 22.4 0.331 0.680
Mip-NeRF-small (D=8, Skip=4) [96] 22.0 0.344 0.648 22.7 0.327 0.687
Mip-NeRF-large (D=10, Skip=4) [96] 22.2 0.318 0.666 22.5 0.330 0.686
Mip-NeRF-full (D=10, Skip=4,6,8) [96] 22.3 0.266 0.689 22.8 0.314 0.699
BungeeNeRF (same iter as baselines) [52] 23.5 0.235 0.739 23.6 0.265 0.749
BungeeNeRF (until convergence) [52] 24.5 0.160 0.815 24.4 0.192 0.801
3DGS 30.7 0.050 0.964 29.9 0.067 0.952
2DGS+ 29.9 0.056 0.954 29.3 0.074 0.944

3.3.3 3D Reconstruction of the Study Area

For the 3D reconstruction experiments, due to computational constraints of multi-view

stereo (MVS) densification, which is even more memory intensive than 3DGS, I extracted

the sparse point cloud using the first 50 images along the first level camera path. Then,
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Figure 3.5: Multi-View-Stereo densification results visualization. Left: Example depth
map. Middle: Example normal map. Right: MVS reconstructed dense coloured point
cloud.

using [82], I generated depth and normal maps, which I used to generate a dense point cloud

as the ground truth/reference 3D geometry of the EV1 neighbourhood. I then trained a

3D Gaussian Splatting model on these first 50 images. Afterwards, the Gaussian positional

means were extracted as a new 3DGS densified 3D point cloud resulting in 1856968 points,

starting from a sparse point cloud of 24740 points, a near 10x densification. The positional

means I extracted as 3DGS densified point clouds are visualized in Figure 3.2(rasterized at

Gaussian scale = 10−3). In comparison, the MVS densified point cloud resulted in 2528969

points. The MVS densification results are visualized in Figure 3.6.

The initial sparse point cloud and the 3DGS densified point clouds are aligned with

each other. However, the MVS densified point cloud which I take to be the reference

point cloud was offset from both by a rotation, a translation, a scale factor and non-affine

deformations far from the origin. This is visible in the last row of Figure 3.6, but even

more obvious as the view is extended further. As such, I cropped all three point clouds and

performed point cloud registration to align the three-point clouds, correcting for similarity

transformations. I used the iterative closest point algorithm (ICP) [99] to register both

the initial and the 3DGS densified point clouds to the MVS densified point cloud. This

process aligned all three point clouds with translations and rotations, but there is a slight

non-affine deformation as the distance from origin and height increases post-registration,
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Figure 3.6: Comparison of 3DGS point cloud densification of the EV-1 neighbourhood at
the University of Waterloo against initial and MVS densified point clouds. Left: Multi-
view stereo depth and normal maps fusion as ground truth (coloured) dense point cloud.
Middle: Initial sparse point cloud. Right: 3DGS densified point cloud. Areas with
obvious discrepancies/misalignment are highlighted in red rectangles (aligned pixel-wise).

as can be seen in Figure 3.7.

The cropping resulted in 12,773, 244,849, and 1,270,820 points for the sparse, 3DGS

densified, and MVS densified point clouds, respectively. The sparse and MVS densified

point clouds were denser at the centre of the scene, whereas the 3DGS densified point

cloud exhibited a more uniform density. Consequently, cropping reduced the points in

the sparse and MVS densified clouds by roughly a factor of ∼ 2, compared to ∼ 7.5 for

the 3DGS densified cloud. The generated point clouds were evaluated against the dense
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Figure 3.7: Post cropping and registration visualization of reference point cloud and de-
viation in local Hausdorff distance from reference. Blue = small deviation, red = large
deviation. Left: Reference MVS densified point cloud, meshed using Poisson surface re-
construction [98]. Middle: Sparse initial point cloud coloured by Hausdorff distance from
reference mesh. Right: 3DGS densified point cloud coloured by Hausdorff distance from
reference mesh.

MVS reference using D1 (point-to-point) and D2 (point-to-surface) mean squared error

(MSE), Hausdorff distance, and Chamfer distance, with results shown in Table 3.4. While

the 3DGS densified cloud showed marginally higher D1 and D2 MSE than the sparse

cloud, these metrics do not account for density differences, focusing instead on outliers and

noise. Hausdorff and Chamfer distance better captured the variations in point distribution,

revealing much closer agreement between the 3DGS densified and reference MVS clouds

compared to the sparse cloud. This finding aligns with the visual inspection in Figure

3.6. Additionally, Figure 3.7 highlights local Hausdorff distances, showcasing non-affine

distortions between the reference MVS cloud and the other point clouds.
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Table 3.4: Comparison of initial sparse point cloud and 3DGS densified point cloud vs.
MVS densified point cloud as reference.

Sparse 3DGS Densified
Points 24740 1856968
Points post-cropping 12773 244849
D1 MSE↓ 7.63× 10−3 8.15× 10−3

D2 MSE↓ 6.88× 10−3 7.30× 10−3

Haussdorff distance↓ 8.75× 10−1 3.75× 10−1

Chamfer distance↓ 2.55× 10−2 1.62× 10−2

3.3.4 Experiment with Google Earth Studio’s Simulated Illumi-

nation

Figure 3.8: Effect of sun illumination condition on novel view synthesis with high tilt
angle on the test set. Left: Sunny clear sky at noon ground truth (top) vs. synthesized
view (bottom). Right: Midnight illumination ground truth (top) vs. synthesized view
(bottom).

Google Earth Studio allows for the collection of images under simulated illumination
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changes from the sun’s position (time of day) and the sky condition. To test the effect of

changing sun direction and sunlight intensity I performed additional experiments in the

region of study using a new camera path at a height of 450 m with a tilt of 78◦, where 0◦

corresponds to top-down view, and 90◦ corresponds to a horizontal camera orientation. A

large tilt angle is used to observe view angle-based effect of sun illumination. I trained a

3DGS model and benchmarked view synthesis and 3D point cloud reconstruction results

for five different sky conditions and times of day. The novel view synthesis results are

shown in Table 3.5.

Table 3.5: Performance Metrics for Different Sky and Sunlight Conditions

Sky/Sunlight (Train) PSNR↑ Test (PSNR↑ SSIM↑ LPIPS↓)
Bright-Uniform 32.6 19.0 0.544 0.290
Sunny-Noon 32.6 19.5 0.624 0.277
Overcast-Noon 32.6 22.4 0.622 0.326
Midnight 33.7 22.6 0.522 0.525
24H Timelapse 32.4 22.6 0.628 0.326

COLMAP struggled under poor lighting conditions, and returned camera poses with

larger errors under the Midnight lighting condition. The novel view synthesis results show

that the training has likely converged. However, the rendered images from the testing

views are uniformly lower quality than the previous experiments. This is likely caused

by the large tilt angles resulting in the presence of floater Gaussians. Each illumination

Table 3.6: Point Cloud Distance Metrics Comparison Against Reference Point Cloud
(Bright-Uniform).

Sky/Sunlight D1 MSE Chamfer Distance Hausdorff Distance
Sunny-Noon .454 .410 3.12

Overcast-Noon .617 .673 14.4
Midnight 10.5 3.21 23.1

24H Timelapse 1.78 1.47 15.2
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condition was tested with its own ground truth images for PSNR, SSIM, and LPIPS.

Changing sky conditions to darker and more difficult illumination conditions (such as the

24-hour time-lapse) negatively affects view synthesis results. However, the results are not

immediately obvious according to the test scores and should be observed qualitatively.

Poor lighting seems to hide visual artifacts, which strongly improves PSNR. SSIM and

LPIPS are more reliable measures of visual quality. See Figure 3.8, which shows that the

Midnight illumination has much poorer test set view synthesis visual quality compared to

Sunny Noon, despite having a higher PSNR score.

Using the point cloud generated under the Bright-Uniform illumination, I performed

various full-reference point cloud comparisons using the metrics of Section 3.3.3. I did not

mesh the resulting point clouds and therefore did not calculate a point-to-surface mean

squared error (D2 MSE). The mesh from the previous section is from COLMAP-MVS, a

method which was not used for this set of tests. The results are shown in Table 3.6. There is

a direct correlation between lighting similarity and point cloud geometric deviation. There

is an especially large deviation in the Midnight lighting scene, which is likely due to the

aforementioned camera pose errors in the COLMAP initialization, causing large geometric

distortions near the edges of the scene.

3.3.5 Discussions

Surprisingly, 2DGS+ was not shown to achieve superior view-synthesis results

compared to the more primitive 3DGS. This could be due to two factors. Firstly,

the design choice to use 400+ images arranged in multi-level concentric circles provides

extensive scene coverage for neighbourhoods of interest. This de-emphasizes particular

strengths of 2DGS+ in floater reduction, better densification and pruning, and better few-
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shot capabilities. Secondly, 2DGS+ may be ”over-engineered” compared to 3DGS. By

having a much higher number of hyperparameters, the method could need much more

careful tuning to show advantages in scenarios where both methods perform well.

Google Earth Studio produces composite images and images rendered from 3D mod-

els, constructed using remote sensing images of a variety of governmental and commercial

sources including Landsat, Copernicus, Airbus, NOAA, U.S. Navy, USGS, Maxar, dur-

ing different flights. This can be both an advantage and a disadvantage. Low-altitude

images using far-from-vertical/off-nadir point-of-views rely on Google Earth Engine’s own

3D models, which are limited in detail compared to real remote sensing images. On the

other hand, the variety of data sources benefits the robustness of the 3D Gaussian Splatting

model, which has been trained on images from different sensors in different photometric

and radiometric conditions. The disadvantages are also counterbalanced by the ease at

which Google Earth Studio allows for the creation of multi-scale datasets with spiralling

camera paths suited for large-scale 3D scenes centred around some neighbourhood of inter-

est in a city. Some effects of image stitching can be observed in the images retrieved from

Google Earth Studio in Figure 3.3. Without access to the initial data source prior to the

stitching, standard methods for correcting these effects cannot be applied. However, using

diffusion methods to correct these effects could be a potential future research direction.

The simulated lighting condition experiment showed that there is an inverse correlation

between the presence of floaters and the quality of lighting. This effect should also be

investigated further.

When recovering 3D geometry (as 3D point cloud) from both the SfM preprocessing,

the post-3DGS densified point cloud, and even the MVS densified dense point cloud, a

mild to strong presence of noise can be noticed, which should be addressed in future 3DGS

research. In this 3D reconstruction and densification experiments, I used the MVS densified
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point cloud as ground truth, even though it was also constructed from 2D images. Despite

recovering good quality dense 3D surfaces, the MVS densified point cloud was offset from

both the initial sparse point cloud and the 3DGS densified point cloud with a non-linear

transformation, which should be investigated further.

The lack of geometry ground truth in these experiments is worth further investigation.

We can consider the Google back-end 3D models as ground truth given our data source, and

these ground truths may have a bias compared to real-life measurements. In the future, for

geometry recovery benchmarks, a scanned point cloud such as from a LiDAR source would

be more accurate as ground truth. A future project could be to use a scanned point cloud

as ground truth and to register and georeference both MVS and 3DGS densified point

clouds to a scanned point cloud to properly study the geometry of these densifications,

as well as enable further mapping and GIS applications. The memory requirement for

the COLMAP MVS densification was larger than that of the 3DGS densification and was

a reason behind performing the densification experiment on a smaller scale using fewer

images. Despite these concerns and the fact that 3DGS was not built as a 3D geometry

extraction tool, it is reasonably able to recover scene geometry through densification and

optimization of the Gaussian positions.

Additionally, we should note that all Gaussian Splatting models are trained partially

via supervising SSIM-difference. Simultaneously, SSIM is used as a quality assessment

metric. This is generally considered poor practice but has been established as standard in

the field.
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Significant Figures

In this section and for the rest of this thesis, view synthesis and 3D geometry assessment

results are treated with 3 significant figures. Both three and four significant figures are

well-accepted in the field. Leading zeros after the decimal place are treated as significant

zeros for LPIPS scores. Ideally, identical experiments would be run multiple times to ob-

tain a sample standard deviation to help determine the number of significant digits in the

measurements of the scores. By calculating the standard error of the mean, the last signifi-

cant digit of the measurement of the mean can be matched with the first significant digit of

the standard error of the mean. If we desire more rigour, we can even perform hypothesis

testing for each suggested improvement to measure whether the score improvements with

the proposed improvements are statistically significant. However, this is beyond the scope

of these experiments and is against the field’s conventions. There are also constraints of

time and computational resources for repeated training and benchmarking.

3.4 Chapter Summary

In this chapter, the standard 3D Gaussian Splatting method and 2DGS+ were compared

against NeRF methods on a large-scale urban scene reconstruction dataset spanning 10

cities as a benchmark. Then, an aerial off-nadir dataset of the region of study was cap-

tured by leveraging Google Earth imagery from Google Earth Studio. The scene was

photorealistically rendered, and its geometry was captured using 3DGS. In the region of

study, an investigation of the 3D reconstruction capability of 3DGS was performed via 3D

point cloud densification and extraction, with the densification compared and visualized

against Multi-View-Stereo dense reconstruction. Both a symmetric transformation mis-
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alignment and a non-linear deformation were identified, with the misalignment removed

through point cloud registration and the deformation quantified and visualized between

the Multi-View-Stereo densified point cloud and the 3DGS densified point cloud. It was

also shown that in terms of view synthesis quality, the basic 3DGS method is not neces-

sarily inferior to highly engineered Gaussian Splatting methods (such as 2DGS+) if the

training has already converged due to overly abundant scene coverage. Whether 3DGS,

2DGS, 2DGS+, or others, Gaussian Splatting methods show promise for replacing classi-

cal photogrammetry for large-scale urban modelling and could help contribute towards the

next generation of Urban Digital Twins.

74



Chapter 4

Gaussian Building Mesh: Extract a

Building’s 3D Mesh with Google

Earth and Gaussian Splatting

Focusing on creating precise 3D mesh models at the individual building scale for down-

stream digital twin systems use, I tested Gaussian Splatting-based methods for 3D mesh

extraction. I then developed my own framework for 3D building mesh extraction, address-

ing the perceived shortcomings of existing methods, and improving accuracy, robustness

and training speed.

This chapter is comprised of my research preprint [100] eponymous with the chapter

title. Section 4.1 is the chapter’s introduction which motivates and briefs the research.

Section 4.2 presents additional background material for the chapter. Section 4.3 is the

methodology section which describes the Gaussian Building Mesh framework. Section 4.5

presents and discusses the chapter’s results. Section 4.6 is the chapter’s conclusion.
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4.1 Introduction

The extraction of 3D building models from remote sensing images has long been an active

research topic, with applications ranging from urban planning, disaster management, envi-

ronmental monitoring, telecommunications, construction, digital media, and many more.

In remote sensing, the standard way to extract 3D information from 2D images is by using

photogrammetry, which involves identifying key points in multi-view images of a scene

and then triangulating and registering these key points into a cohesive 3D point cloud of

the scene [36, 37]. Recent innovations in learning-based 3D rendering approaches, namely

Gaussian Splatting, have opened up new possibilities in learning both accurate 3D lighting

and 3D geometry from 2D images, attracting much research interest [6,101]. Additionally,

advances [102,103] in deep learning image processing have greatly improved the capabilities

of extracting individual objects from images.

Leveraging Google Earth Studio [31], and inspired by GS2Mesh [65], I propose a 3D

building mesh extraction pipeline capable of extracting the 3D mesh of a building given

its proper name, address, postal code, or geographical coordinates. The contributions are

as follows:

• I combine Google Earth Studio, the Segment Anything Model, and a Gaussian Splat-

ting mesh extraction model into a 3D building mesh extraction pipeline. This allows

for the generation of the 3D mesh of a building from its name, address, postal code,

or latitude/longitude coordinates.

• I leverage Segment Anything Model-2 [104] with GroundingDINO [103] for 3D con-

sistent building masking with either text or click-based masking input modalities,

improving on GS2Mesh-based mask extraction. I add mask re-prompting and refine-

ment as contributions.
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• I propose a mask refinement method based on morphological operations and the

Ramer-Douglas-Peucker algorithm.

• I use an improved version of 2DGS as the Gaussian Splatting model and generate

the 3D coloured mesh of a building of interest using masked Truncated Signed Dis-

tance Function (TSDF) Fusion/Integration. During the meshing process, I make

many adjustments, such as filtering and smoothing the depth maps and tuning the

hyperparameters during both Gaussian Splatting training and TSDF meshing.

GS2Mesh [65] combines out-of-the-box object segmentation and 3DGS to generate 3D

meshes of objects regardless of the background. To our knowledge, it is the only method

similar to the method presented in this chapter and is the inspiration for his method.

Compared to GS2Mesh, I use a state-of-the-art (not-yet-published) fork of 2DGS [84]

instead of the original 3DGS method for 3D representation learning. This allows us to

obtain accurate depth maps without using deep learning-based stereo depth reconstruction,

rendering GS2Mesh’s DLNR stereo depth reconstruction module obsolete, which I remove.

This also allows for another significant change: because I no longer need a background

as context for DLNR, I move the automated building masking step to before Gaussian

splatting training, i.e., I train Gaussian splatting on masked images instead of full images.

This increases the training speed by a factor of ∼5, depending on the portion of the

region masked as background. I also add mask re-prompting mask refinements based

on morphological operations and contour simplification, which correct for SAM2 masking

errors, as well as depth smoothing, which helps with TSDF meshing. These improvements

greatly increased the mesh extraction accuracy and efficiency. The pipeline is shown in

Figure 4.1 and detailed in Section 4.3.
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Google Earth Studio

SAM2 Mask Extraction

Mask Refinement

2D Gaussian Splatting

TSDF Fusion

Remote sensing images

Images and masks

Images and refined masks

Depth and color maps
Synthesized 2D images

3D colored mesh

Figure 4.1: Flow chart of the Gaussian Building Mesh pipeline. The output data modality
at each step is denoted on the right. Processes and modules are boxed in blue.

4.2 Additional Background

4.2.1 SAM2 and Grounding DINO

Segment Anything Model (SAM) [102] is an out-of-the-box image segmentation model

pretrained on a massive billion-image dataset. It is capable of segmenting most objects

given point-based or bounding box priors, without requiring further training from the user.

Users can provide point-click or bounding box prompts to identify the object(s) of interest,

and SAM will return segmentation masks and associated scores. However, a key limitation

of SAM is that, when applied to a scene viewed from multiple images, the individual masks

generated are not necessarily consistent with each other [104]. This inconsistency limits

SAM’s effectiveness in segmenting video data, which requires temporal consistency, and

multi-view data, which requires 3D consistency.

SAM2 [104], released in August 2024, addresses this issue by introducing consistent
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video segmentation that maintains 3D and temporal consistency through the use of memory

attention. Since I aim to extract the mesh of an individual building rather than an entire

neighbourhood, segmentation masks are crucial.

GroundingDINO [103] is a pretrained open-set object detector capable of extracting

object bounding boxes in images from natural language prompts without requiring ad-

ditional training from the user. GroundingDINO can be combined with SAM/SAM2 to

enable text-based object segmentation. The process involves first generating a bounding

box from the text description and then using the bounding box to prompt SAM/SAM2.

This combination of GroundingDINO and SAM/SAM2 is known as the Grounded-SAM

pipeline [105], which is available as an open-source library.

4.2.2 GS2Mesh

GS2Mesh [65] is a Gaussian Splatting-based 3D reconstruction pipeline, outperforming

concurrent and competing methods such as SuGAR [106], 2DGS [26], and GOF [64] on

the DTU dataset [107] benchmark.

• GS2Mesh learns and stores the scene in a standard 3DGS model.

• The trained 3DGS model is then used to generate a stereo pair for each input image.

Each stereo pair is used to generate a depth image.

• Grounded-SAM is used to generate multi-view masks to mask out the background

for mesh extraction.

• A pre-trained depth from stereo model DLNR is used to generate depth maps for

each stereo pair.
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• The entire ensemble of depth images are integrated into a mesh using the Truncated

Signed Distance Function fusion (TSDF) algorithm [12] with the Marching-Cubes

algorithm [14].

More specifically, a standard 3DGS model is trained from the input images. The 3DGS

model is then used to generate a stereo pairs for each training image’s camera pose. For

each pair, the left-image is generated with the same camera pose as the training image,

and the right-image is generated with a small shift [b, 0, 0] to the right. Since Gaussian

Splatting models perform best near training poses, this method ensures visual high quality

in the generated stereo image pair.

SAM2 is used to generate segmentation masks for the objects or these stereo-image

pairs. In the GS2Mesh paper, which was published before SAM2, the authors addressed

the 3D consistency issue by projecting the initial mask onto other frames, sampling new

points within the projected mask as SAM prompts, and creating a new SAM mask from

these prompts for each frame. The GS2Mesh codebase has since been updated to use

SAM2 for 3D geometry-consistent mask generation.

From these stereo pairs, DLNR [108], pretrained on the Middlebury dataset [109], is

used for depth extraction from stereo images. To improve the quality of the reconstructions,

multiple masks are applied to the stereo model’s output to filter out regions visible to only

one camera and to discard depth estimates outside the valid range.

Following depth extraction, a standard Open3D [110] implementation of the TSDF

algorithm initializes and populates a voxel grid with the scene geometry. The voxel repre-

sentation of the scene is populated with the signed distance to the nearest scene surface,

integrated from the depth images generated by DLNR. The marching cubes algorithm then

assigns each cube’s vertices in the voxel grid to be inside or outside the nearest surface
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based on the previously calculated TSDF values. Based on the 8-vertex configuration, a

local surface is meshed for each cube, which is repeated across the entire voxel grid. This

process generates a mesh from the voxel representation.

According to my preliminary tests, GS2Mesh often fails in remote sensing building

extraction tasks due to issues in the mask generation module and the pretrained deep

learning-based stereo depth map module. While GS2Mesh slightly outperforms 2DGS on

the DTU benchmark, the two methods are fundamentally different.

4.3 Methodology

Leveraging Google Earth Studio and inspired by GS2Mesh, I created a 3D building mesh

extraction pipeline capable of extracting the 3D mesh of a building given its location name,

address, postal code, or geographic coordinates. As shown in Figure 4.1, the pipeline

consists of the following steps:

1. Multi-view remote-sensing image collection: I leverage Google Earth Studio

to collect multi-view images of a building of interest.

2. Building mask extraction: I extract multi-view consistent building masks for the

building of interest in each of the images. I adapted existing GS2Mesh and SAM2

code to allow for text-based and click-based (point or box) user prompting to help

SAM2 identify the building of interest in an initial image. I introduce re-prompting

capabilities after mask propagation to address mask inconsistencies.

3. Building mask refinement: I refine SAM2 masks using morphological dilation,

which slightly extends the mask outwards and fills in holes. I then simplify mask

contours using the Ramer-Peuker-Douglas algorithm.
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4. Gaussian Splatting: I train a 2DGS+ [84] model to learn building geometry and

radiance.

5. Mesh extraction: I perform masked Truncated Signed Distance Function Fusion on

smoothed depth maps to extract a 3D building mesh. I perform mesh refinement and

mesh simplification using Open3D triangular mesh post-processing functionalities.

4.3.1 Google Earth Studio Dataset

I leverage Google Earth Studio to extract 12 scenes with buildings of interest. For each

scene, I extract 31 frames/images over a 360◦ circular camera path centred around the

building of interest. As part of Google Earth’s functionality, I tested and used various

methods to identify the buildings of interest, including addresses, postal codes, geographic

coordinates, and building names.

4.3.2 Building Segmentation and Mesh Refinement

SAM2 provides a rough mask of the building. I noticed the following problems while

inspecting the SAM2 masks and the 3D mesh extraction that resulted from directly using

those masks.

1. Poor geometry and holes: I noticed that SAM2 had trouble with some build-

ings whose roof or wall colours might be confused with the background, resulting in

incomplete masks with holes.

2. Noise pixels and false positives: SAM2 masks sometimes produced small false-

positive pixels away from the object of interest. This occurred at times with multiple

identical buildings close to each other.
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3. Poor mask boundary at building base: SAM2 produced masks with poor geom-

etry at the buildings’ base, often resulting in incomplete masking and jagged mask

boundaries. This resulted in 3D reconstructions with jagged bottoms, greatly affect-

ing visual quality.

4. Tight-fitting mask, sometimes incomplete: SAM2 masks were often too tightly

fitted onto buildings. This sometimes resulted in some outer parts of the buildings

not being captured at certain viewpoints. This greatly affected 3DGS reconstruction

quality.

To address these issues, I developed a mask refinement pipeline. I optionally mor-

phologically erode the mask first, removing noise. Then, I grow the mask using mor-

phological dilation to fill in any holes and expand incomplete masks. I then extract the

mask’s contour using Canny’s algorithm and straighten/simplify the contour using the

Ramer–Douglas–Peucker algorithm. The contour is then filled into a refined mask, ad-

dressing these issues.

User Re-Prompting

Like GS2Mesh, by using the Grounded-SAM pipeline with SAM2, I extract object masks

without further training via user prompting with natural language text (when combined

with GroundingDINO), bounding boxes, or point-clicks. However, preliminary testing

showed that in a 360◦ video of a complex object, if the object self-occludes during rotation,

the resulting masks can be inconsistent (see Figure 4.2). To solve this issue, I modified

the GS2Mesh masking pipeline to add user re-prompting. I allow users to identify frames

with errors and re-prompt the image at those frames. SAM2 re-propagates the user’s new

prompt throughout all frames, effectively solving these mask inconsistencies.
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Figure 4.2: Example of SAM-2 mask inconsistencies. Top Left: 2D image of the building
of interest. Top right: SAM-2 mask of the same frame. Bottom-left: SAM-2 mask in
a later frame after some rotation with the parking lot masked in erroneously. Bottom-
right: SAM-2 mask in a later frame, with the second tower missing.

Morphological Dilation and Erosion

The morphological dilation ⊕ of an image I by a filter F is defined by

I ⊕ F =
⋃
p∈F

Ip, (4.1)

where Ip denotes the image I shifted by pixel p = (px, py). Roughly speaking, this grows

the image by sliding the filter along the pixels of the original image. This operation can

be performed iteratively to further extend the image. At each step, the output image

of the previous iteration is dilated again using the same filter. I apply two iterations of

morphological dilation with a square filter of size (10,10).

Before the morphological dilation, I add an optional morphological erosion step (with

the same parameters), which is the inverse operation of morphological dilation. That is,

morphological erosion shrinks the mask according to the filter. This step serves two pur-
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poses. Firstly, depending on the outline of the building, we may not want the dilated

mask to extend past the building’s true boundaries. Performing the erosion-dilation steps

allows the mask to be roughly as tight-fitting as the initial SAM2 mask, while still mor-

phologically filling in holes in the mask. Secondly, at times, SAM2 masks introduce small

false-positive pixels away from the central object in the form of noise pixels. This step

allows the pipeline to erode away this type of noise.

Canny Edge Extraction

Canny edge extraction is a well-known classical algorithm for extracting lines using the

image’s gradient. I briefly outline it here and refer readers to the original paper for details

[111]. I use a Gaussian filter of σ = 2, a low threshold of 0, and a high threshold of 1 to

extract a contour which I refine with the Ramer-Douglas-Peucker algorithm.

Ramer–Douglas–Peucker Contour Refinement

The Ramer–Douglas–Peucker algorithm (RDP) [112] is an iterative contour simplification

algorithm that recursively reduces the number of points in the contour. The algorithm is

as follows:

Given:

A curve defined by a sequence of ordered points:

P = {P1, P2, . . . , Pn}, where Pi = (xi, yi) (4.2)

and a threshold parameter:

ϵ > 0 (4.3)
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Algorithm:

1. Start with endpoints P1 and Pn. Define the line segment:

P1Pn

2. For each point Pi = (xi, yi) with i ∈ [2, n − 1], compute the perpendicular distance

di to the line P1Pn:

di =
|(xn − x1)(y1 − yi)− (x1 − xi)(yn − y1)|√

(xn − x1)2 + (yn − y1)2
(4.4)

3. Determine the maximum distance:

dmax = max
i=2,...,n−1

di (4.5)

4. If dmax > ε, let Pk be the point at which the maximum distance occurs. Recursively

apply the algorithm to the subsets:

{P1, P2, . . . , Pk} and {Pk, Pk+1, . . . , Pn} (4.6)

5. If dmax ≤ ε, approximate the entire set by the line segment P1Pn, and keep only P1

and Pn.

Output:

A reduced set of points P ′ ⊆ P , forming a piecewise linear approximation within tolerance

ϵ.
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I used ϵ = p
500

, as the ratio of the perimeter p of the contour being simplified, allowing

longer perimeter contours to retain more complexity. The resulting building contours

became linear interpolations of approximately 20-40 points. The contour is then filled to

create the refined mask which addresses the aforementioned issues.

4.3.3 2DGS+

I use a state-of-the-art implementation of Gaussian Splatting built on the foundations of

2DGS. This implementation, which is (unofficially) dubbed 2DGS+ [84] in this thesis,

(detailed in Section 3.2.4), is an unpublished fork of the 2DGS repository which combines

many recent advances in Gaussian Splatting, improving 2DGS with ideas from AbsGS [85],

PixelGS [86], TrimGS [87], AtomGS [88], GaussianPro [90], and Taming-3DGS [91].

In these experiments, the Gaussian Splatting representation generated from 2DGS+

has fewer floaters (free-floating Gaussians in mid-air), is smoother, and produces better

depth maps, resulting in significantly higher-quality meshes during TSDF fusion meshing

(see Section 4.5.4). I tuned the hyperparameters for 3D mesh extraction quality (not

novel view synthesis quality). I used the progressive training modality from GaussianPro,

densifying the Gaussians until the 25,000th iteration. I used λdepth = 0.2 and λnormal = 0.1.

4.3.4 TSDF Fusion and Mesh Extraction

Like GS2Mesh and 2DGS, I used the Open3D implementation [110] of the TSDF Fusion

algorithm with Marching Cubes to convert depth maps into coloured 3D meshes. I adapted

the 2DGS mesh extraction module, adding a depth map smoothing step and tuning the

hyperparameters. I used the 2DGS+ implementation [26] of 2DGS with its bounded mesh

extraction module.
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In early experiments, I noticed non-smoothness in the depth maps of certain complex

buildings, which resulted in poor-quality mesh reconstructions. In these cases, applying a

simple Gaussian blur filter to the depth maps before TSDF fusion greatly improved the

mesh reconstruction quality.

Figure 4.3: Example of the effects of depth blurring. Top-left: Raw depth map. Top-
right: Smoothed depth map. Bottom-left: 3D Mesh from raw depth map. Bottom-
right: 3D Mesh from the smoothed depth map.

After mesh extraction, like GS2Mesh and 2DGS, I used Open3D to clean the mesh by

computing mesh clusters, removing unreferenced vertices, and degenerate triangles. Unlike

GS2Mesh and 2DGS, I discarded all but the largest mesh cluster.

4.4 Metrics

The novel view synthesis metrics used in this chapter are introduced in Section 2.6.
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In addition, a full reference 3D-SSIM metric [113] is used to compare a 360 ◦ view

rendered video of a generated mesh vs. a ground truth video. The metric uses Eq. (2.52).

There are other full-reference 3D geometry and visual quality metrics that compare 3D

models to other 3D models. However, I lacked ground truth 3D models for the meshed

buildings. I only had access to ground truth 2D images. This is the main reason for using

the video-based 3D-SSIM for mesh quality comparison. Both the average 3D-SSIM across

the entire video and the minimum 3D-SSIM across video frames are provided.

4.5 Experiments and Discussion

Figure 4.4: Example of DLNR failure case. Left: 2D image of the building of interest with
background masked out. Right: DLNR stereo depth reconstruction from building with
background masked out.

4.5.1 Preliminary Experiments

The preliminary experiments on 3D building mesh extraction from remote sensing images

showed that the GS2Mesh 3D reconstruction pipeline, which uses DLNR [108], a pretrained

neural-network-based stereo depth reconstruction and depth map fusion, only matched the

quality of 2DGS depth map fusion in the best-case scenario. More often than not, it strug-
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gled in the 3D reconstruction of buildings due to two key issues: poor mask quality and

poor stereo depth estimation. DLNR occasionally struggled with stereo depth reconstruc-

tion, likely because it was not trained on a remote sensing image dataset and had difficulty

interpreting large-scale aerial scenes. This issue becomes particularly pronounced when

stereo-depth extraction is applied after masking, as the neural network loses the context of

the background. In Figure 4.4, we observe that DLNR fails completely when performing

depth extraction on a building with the background masked out. This motivated us to

seek alternative solutions for the 3DGS-DLNR pipeline components in GS2Mesh.

Preliminary experiments with 2DGS+ showed that depth maps of certain complex

buildings exhibited non-smoothness, resulting in poor-quality 3D meshes. I addressed this

issue with the simple solution of smoothing the depth map using a Gaussian filter. An

example is shown in Figure 4.3. After applying the filter, the holes in the zoomed-in region

were almost completely filled. This particular issue arose due to poor visual coverage of

the zoomed-in region in the initial training data.

4.5.2 Mask Refinement

SAM2 masks sometimes included false-positive pixels away from the object of interest. In

Figure 4.5 (top row), this issue is visible in the left-most subfigure. This is likely caused

by false-positive segmentation due to the presence of a neighbouring building’s rooftop

with a similar shape and colour in the original full image. The mask refinement algorithm

successfully removed the false-positive pixels and refined the mask contour.

SAM2 also occasionally produced masks with holes or false negatives. We can observe

that this occurred more frequently when part of the building exhibited significantly different

colouration from the rest of the structure. An example is shown in Figure 4.5 (bottom
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Figure 4.5: Example of mask refinement. Noise removal(top) and hole filling (bottom):
Left: Raw SAM-2 Mask. Middle: Refined Mask. Right: masked Image. Regions of
interest have been highlighted. A red box indicates a region of false positives or false
negative pixels, and a blue box indicates a region where the contour was refined and
straightened.

row), where the garage roof has a different colour. The mask refinement algorithm was

able to complete the mask and refine the mask contour.

4.5.3 View Synthesis

Compared to GS2Mesh, I replaced the Gaussian Splatting module in the pipeline, tran-

sitioning from the original implementation of 3DGS to 2DGS+. As such, I compare the

training set novel view synthesis results of 3DGS and 2DGS+ across our 7 scenes. I did

not use the standard MipNeRF-360 convention of a training/testing split (leaving out one

out of every eight images). Instead, I trained on the entirety of the Google Earth Studio

footage, as I wanted smooth coverage of the 360◦ camera rotation for 3D reconstruction
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purposes. The novel view synthesis scores on the training set are provided in Table 4.1.

Figure 4.6: Visualization of 2D novel view synthesis results. Left to Right: 2DGS+
Ground Truth; 2DGS+ Sythesized Image; 3DGS Ground Truth; 3DGS Syn-
thesized Image. For all cases including those not shown, the results were nearly visually
indistinguishable from ground truth by human eyes, except for 3DGS trained on the Canada
Parliament scene (top right).

For 2DGS+ in my pipeline, I trained the model on the masked building without the

background. The model’s synthesized images were then compared to images of the building

with the background masked out. On the other hand, in the GS2Mesh pipeline, the

3DGS training occurs before masking and is conducted on the entire image, including

the background. Its 3DGS module generates images with the entire background, and the

results are compared with unmasked ground truth images.

On average, I found that 2DGS+ produced higher SSIM and LPIPS scores, whereas

3DGS achieved higher PSNR scores. SSIM and LPIPS are typically better indicators
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of human visual perception than PSNR. Nonetheless, both models achieved novel view

synthesis results that were nearly indistinguishable from ground truth images, with the

exception of 3DGS struggling on the Canada Parliament scene, as shown in the top row of

Figure 4.6 (see the central tower highlighted in the top-right zoom-in). This is also reflected

in Table 4.1, where the 3DGS scores for the Canada Parliament scene are significantly lower

than for other scenes.

Table 4.1: Comparison of 2D Novel View Synthesis Metrics Between Gaussian Splatting
Modules

2DGS+ (in Our Pipeline) 3DGS (in GS2Mesh)
Building SSIM ↑ PSNR ↑ LPIPS ↓ SSIM ↑ PSNR ↑ LPIPS ↓
Icon .994 37.6 .010 .987 37.2 .016
Canada Parliament .989 35.1 .016 .932 29.8 .108
CN Tower .998 40.0 .004 .995 42.6 .009
Laurel Heights .995 38.1 .009 .990 38.0 .012
Perimeter Institute .995 39.4 .008 .994 43.9 .015
Dana Porter Library .975 32.2 .033 .993 38.4 .011
Townhouse .995 36.8 .008 .992 39.7 .012
Buckingham .992 32.7 .011 .971 34.9 .045
Whitehouse .998 4.00 .003 .984 35.5 .035
Westminster .987 33.8 .020 .967 33.3 .091
Pyramid .997 40.5 .004 .986 39.6 .029
BathChancellor .998 42.8 .0027 .981 35.3 .031
Average .993 37.4 .011 .981 37.3 .035

4.5.4 3D Building Mesh Extraction

As shown in Table 4.2, my building extraction results are superior to GS2Mesh, with the

exception of the Townhouse scene, where both methods scored similarly, within ∼0.0005

3D-SSIM. The results are somewhat skewed by the Canada Parliament scene (first column
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Figure 4.7: Visualization of 3D coloured mesh results. Left to Right: Canada Parliament;
Dana Porter Library; ICON; Laurel Heights; CN Tower. Top row are our results, Bottom
row are GS2Mesh results.

Table 4.2: Comparison of 3D-SSIM Scores Between our Pipeline and GS2Mesh

GBM (Ours) 3D-SSIM ↑ GS2Mesh 3D-SSIM ↑
Building Average (31 frames) Minimum Average (31 frames) Minimum
Icon .929 .916 .836 .800
Canada Parliament .854 .846 .146 .070
CN Tower .984 .977 .940 .928
Laurel Heights .957 .953 .943 .941
Perimeter Institute .975 .973 .948 .943
Data Porter Library .821 .808 .705 .686
Townhouse .978 .975 .979 .976
Buckingham .914 .910 .836 .817
Whitehouse .910 .907 .430 .362
Westminster .869 .866 .879 .861
Pyramid .956 .949 .784 .690
BathChancellor .973 .971 .807 .761
Average .927 .921 .769 .736

of Figure 4.7), where GS2Mesh 3D mesh reconstruction failed completely due to the signif-

icant presence of floaters during the training of its 3DGS module. This failure caused its

DLNR depth reconstruction module to produce completely inaccurate depth maps. The

poor mesh quality resulted in extremely low 3D-SSIM scores, as reflected in Table 4.2.
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The resulting mesh was completely unrecognizable. The poor performance of the 3DGS

module of GS2Mesh for this scene is also reflected in its PSNR score in Table 4.1, which

is approximately 10 dB lower than for other scenes. GS2Mesh also partially failed on the

ICON scene and Dana Porter Library scene, where the lack of user re-prompting caused the

masking to be inconsistent across the initial training images, resulting in missing geometric

features and incomplete meshing.

My method produced less noisy meshes overall and cleaner mesh boundaries. This

improvement is reflected in the 3D-SSIM scores and can be seen in the fourth column

of Figure 4.7. However, both GS2Mesh and my method struggled with sharp structural

elements, such as the top of the CN Tower, as shown in the fifth column of Figure 4.7.

4.5.5 Ablation Studies

Table 4.3: Ablation Study on 2DGS+

Train Test 3DSSIM↑ Training Time↓
PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ Mean Min

2DGS 34.0 .987 .021 28.5 .954 .045 .876 .865 0:11:24
2DGS+Trim 36.4 .992 .011 28.5 .955 .042 .882 .877 0:13:05
2DGS+Trim+Prog-Norm 36.7 .992 .013 28.4 .952 .043 .881 .876 0:12:03
2DGS+Trim+Prog+Norm 36.8 .992 .013 28.3 .951 .044 .884 .870 0:11:49
2DGS+Trim+Prog+EANorm* 36.6 .992 .013 28.4 .952 .042 .891 .887 0:15:10
2DGS+Trim+Fast+Norm 36.8 .993 .011 28.7 .955 .041 .882 .877 0:14:34
2DGS+Trim+Prog+EANorm+Appearance 36.7 .992 .013 28.5 .952 .043 .884 .879 0:15:21
2DGS+Trim+Prog+EANorm+Appearance+60k 38.2 .994 .010 28.2 .949 .045 .867 .863 0:30:26

In this section, I perform an ablation study on the Westminster Palace scene, compar-

ing the improvements of 2DGS+ to 2DGS as a baseline. A mip-NeRF [38] style train-

ing/testing split was used. Both view synthesis and 3D mesh quality assessments are

used. Additionally, training time was measured. Trim-Gaussian’s [87] and PixelGS’s [86]

contribution-based Gaussian pruning is denoted as Trim. Progressive propagation from

GaussianPro [90] is denoted as Prog. The standard 2DGS normal-based supervision is
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denoted as Norm. The Edge-Aware Normal/Geometry Supervision from AtomGS [88] is

denoted EANorm. The Appearance Network from GOF [64] is denoted as Appearance.

Fast-SSIM from Taming-GS [91] is denoted as Fast. Doubled training iteration is denoted

as 60k.

4.5.6 Discussion

In terms of experiments, for the Dana Porter Library scene (second column of Figure 4.7),

without user re-prompting, the base of the building was masked inconsistently due to the

presence of occluding trees, which resulted in a messy GS2Mesh reconstruction. Instead,

for GS2Mesh training on this scene, I found that prompting for the large cubical structure

without the first floor and the trees resulted in better reconstruction. My pipeline was

able to adequately capture the building base along with the surrounding trees. For the

ICON scene (third column of Figure 4.7), without re-prompting, the mask for the second

tower and part of the connected structure was missing in some frames, resulting in an

incomplete reconstruction for GS2Mesh. Both methods struggled with sharp, needle-like

building structure elements, such as the top of the CN Tower. This was likely due to a

combination of the difficulty in masking needle-like objects and the challenge of producing

depth maps for these objects.

The GS2Mesh failure on the Canada Parliament scene was unexpected. The failure

likely occurred in the 3DGS module, as a significant amount of floaters can be noticed

(Gaussians floating in empty space). I did not attempt further fine-tuning of the 3DGS

training, although this likely could have significantly helped with the scene reconstruction

for GS2Mesh. These floaters were absent during the 2DGS+ stage in my pipeline, even

without additional fine-tuning.
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I believe further improvements can be made to the mesh boundary at the building

base. Although my method’s mesh boundaries improved, we can still notice irregularities

and poor-quality meshing at the base of buildings. I suspect that this issue, along with

the problem of meshing sharp structural elements, can be addressed by further improv-

ing building masks—a potential extension to this research. My improvements to SAM2

masking can also be used independently of the meshing pipeline in other applications of

SAM2/GroundedSAM. This topic could constitute a separate line of research apart from

Gaussian Splatting-based mesh extraction since SAM2 finds many other applications as

a pretrained foundational segmentation model with text-prompting, SAM2 improvements

can be tested for other downstream tasks in remote sensing, autonomous vehicle vision

systems, and general instance segmentation from video. Future improvements can also be

made in the Gaussian Splatting process, reducing noise and floaters drastically improve

TSDF meshing results, and further improvements can still be made in this area.

As can be observed in the ablation studies, the initial TrimGS improvement on contribution-

based Gaussian trimming results in a significant improvement over 2DGS. However, the

other 2DGS+ improvements only provide marginal improvements, and at times even de-

creased certain scores. Doubling training iterations improved training view synthesis scores

but decreased the testing scores. I denote 2DGS + Trim + Pro + EANorm as the standard

2DGS+ method, which is used throughout this thesis. This is due to its high scores and

the lack of needing an additional small neural network. In a future experiment, the cause

and mitigation efforts for the specific failure case of GS2Mesh in the Parliament of Canada

scene should be investigated.
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4.6 Chapter Summary

In this chapter, I proposed a 3D mesh extraction pipeline for buildings. By utilizing Google

Earth Studio and integrating SAM2/GroundingDINO, 2DGS+, and my mask refinement

algorithm, I developed a robust pipeline capable of extracting a coloured 3D mesh of a

building using its address, postal code, geographic coordinates, or location name. This

was benchmarked against GS2Mesh, which is to the best of my knowledge, the only com-

parable segmentation-based Gaussian Splatting meshing algorithm publicly available. The

results demonstrate that my approach produces significantly higher-quality meshes and is

significantly more robust and less prone to failure in certain complex scenes than GS2Mesh.

The GBM framework can be further improved by adopting newer and newer improvements

to Gaussian Splatting.
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Chapter 5

Digital Twin Buildings: 3D

Modelling, GIS Integration, and

Visual Descriptions Using Gaussian

Splatting

In this chapter, I build a prototype digital twin system for individual buildings, work-

ing towards the next generation of Urban Digital Twins. For this, I integrate fast and

accurate 3D mesh reconstruction with (potentially automated) cloud mapping platform

data retrieval. This is combined with automated user-accessible large language model-

based multi-modal data analytics. This results in a digital twin system named Digital

Twin Building that is fast, efficient, and user-accessible. The proposed digital twin system

allows users with no prior coding knowledge to retrieve and analyze data using natural

language.
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This chapter is comprised of my research preprint eponymous with the chapter ti-

tle [114]. Section 5.1 is the chapter’s introduction which motivates and briefs the research.

Section 5.2 introduces additional background material for the chapter. Section 5.3 is the

methodology section which describes the Digital Twin Buildings framework. Section 5.4

presents and discusses the chapter’s results. Section 5.5 presents a case study that is com-

prised of an independent preprint manuscript [115]. Section 5.6 is the chapter’s conclusion

section.

5.1 Introduction

Google Earth Studio
Multi-Agent
LLM Module

Google Maps Platform
Integration

One of {address, place name, postal code, geographic coordinates}

Gaussian Building Mesh (GBM)

3D colored mesh
Synthesized 2D image
from new viewpoints

Building semantic descriptions
+ data analysis

Cloud-based building GIS
data + 2D maps/images

Figure 5.1: Diagram of the Digital Twin Building framework. External modules are boxed
in red. Internal tools/modules are boxed in blue. The modules specifically developed
in this chapter are in dark blue. Inputs and outputs are drawn in plain text.

Urban Digital Twins, as digital urban models with internet-connected data streams

and integrated data analysis capabilities have been a key concept in geographic informa-

tion systems and sciences since 2018, with general digital twin systems preceeding this

concept by two decades [9]. However, modern urban digital twins face challenges in data
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interoperability, data complexity, and interpretability among many others [10]. Recent

advances in Large Language Models are particularly suited for solving these problems and

are poised to propel advances in digital twin systems such as urban digital twins. Their

adoption in these systems is still in an early stage [5, 116, 117], and I contribute to this

research in this chapter.

In this chapter, the GBM framework from the previous chapter is combined with Cloud

Mapping Service Integration and Multi-Agent Large Language Models (LLM) for data

analysis to work towards urban digital twin systems, creating the Digital Twin Building

Framework. The framework retrieves Gaussian Splatting and 3D mesh models with the

GBM framework, fundamental geocoding and mapping information and 2D images, and

is used to perform visual analysis on the 2D images using the Multi-Agent LLM module.

This is shown in Figure 5.1.

Depending on need, the Google Maps Platform Integration can also retrieve local el-

evation maps, real-time traffic data, air quality data and access other data sources and

services, which can then be analyzed.

The contributions are as follows.

• I introduce Digital Twin Building (DTB), a framework for extracting 3D mesh models

of buildings. I integrate Cloud Mapping Services for retrieving geocoding, mapping

information, and 2D images.

• I designed a novel Multi-Agent Large Language Models (LLM) module for user-

accessible automated multi-modal data analysis, allowing for LLM-based code gen-

eration from user prompts.

• I performed extensive visual analysis experiments of multi-view/multi-scale images
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of the building of interest using the LLM module. I assessed the performance of the

popular ChatGPT(4o/mini) and Deepseek-V3/R1 models.

5.2 Additional Background

5.2.1 ChatGPT/Deepseek Application Programming Interface

Unlike traditional local deep learning, which necessitates GPUs for both training and in-

ference, Application Programming Interface(API)–based Large-Language-Model querying

requires minimal local hardware. The computation is offloaded to the server side, mean-

ing a device with basic connectivity, such as a mobile phone, suffices for interacting with

OpenAI or Deepseek servers to query the powerful ChatGPT and Deepseek LLMs. The

number and frequency of the query is also not limited by client hardware. As such a simple

mobile device can be used to process a large amount of data.

Table 5.1: Table of Commonly Used Deepseek and OpenAI LLMs, compiled on 2025-01-31.

Model Name Model Class Model Type Image Processing Parameters
USD /1M
Input Tokens

USD / 1M
Output Tokens

chatgpt4o-latest GPT4o Autoregressive Analysis ∼ 1000+B 2.5 10
gpt-4o-mini GPT4o Mini Autoregressive Analysis ∼10’s of B 0.15 0.6
deepseek-chat Deepseek V3 Autoregressive OCR 617B *0.14/0.7 × 0.1* 0.28
deepseek-reasoner Deepseek R1 (V3-base) Reasoning OCR 617B 0.14 2.19
gpt-o11 GPT-o1 (GPT4-base) Reasoning None ∼175B 15 60

OpenAI models are not open-sourced, their model sizes (parameters) are estimated (B = billions, M =

millions). 1gpt-o1 was not included in the experiments due to cost, but its specifications are included for
comparison. *The Deepseek V3 API call price is discounted by 50% until 2025-02-08, and by a further
90% if input caching is used for repeated identical prompting.*
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5.2.2 Google Maps Platform

Google Map Platform is a cloud-based mapping service and a part of Google Cloud. Its

APIs allow the client device to connect to various cloud-based GIS, mapping, and remote

sensing services hosted on the Google Cloud servers.

The services utilized in this research include remote sensing image retrieval, map re-

trieval, elevation data retrieval, geocoding/reverse geocoding, and building polygon re-

trieval. However, Google Maps Platform also offers other APIs for urban and environmen-

tal research, including real-time traffic data, solar potential, air quality, and plant pollen

data, in addition to the full suite of commonly used Google Maps navigation and mapping

tools.

Although less known in the remote sensing and GIS community than its sister applica-

tion Google Earth Engine, Google Map Platform has been used in a variety of GIS research

including navigation, object tracking, city modelling, image and map retrieval, geospatial

data analysis for commercial and industrial applications [118–122]. It is also used as part

of many commercial software for cloud-based mapping integration.

5.2.3 Vision Language Models

Certain large language models support image-text dual-modality. Models such as DeepseekV3/R1

and their variants [76,77], support Optical Character Recognition (OCR, i.e., reading text

from images). Models like “ChatGPT-4o” [72] and its variants, and LLaMA 3.2+ [78],

support complete interpretation and analysis of image content. This can be achieved by

using image encoders with large-scale image-text pretraining which allows for embedding

of text and image to a joint latent space.
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The CLIP-based framework trains an image encoder and a text encoder together. It

aligns their outputs in a shared embedding space. The goal is to bring matching image-text

pairs closer and separate non-matching ones using contrastive loss, as follows.

L =
1

2

[
− 1

N

N∑
i=1

log pii −
1

N

N∑
i=1

log p′ii

]
(5.1)

where pii is the probability that image i matches its text, and p′ii is the probability that

text i matches its image. They are computed using softmax over cosine similarities of their

embeddings.

pij =
exp (sij/τ)∑N
k=1 exp (sik/τ)

. (5.2)

where sij is the cosine similarity of image i and text j given by (Eq. 5.5) and τ is a scaling

hyperparameter.

Vision Language Models [123] is the term used to describe large language models with

image processing capabilities. These models typically consist of an LLM backbone, an

image encoder, and a tokenizer/projector that transforms the embedding into input tokens

for the LLM. This is shown in Figure 5.2.

ChatGPT-4o [72], Llama 3.2 [78], QWen-VL [124], the Gemini series [125], and Chameleon

[126] are well-known examples of VLMs which are either CLIP-based or mixed-token-based.

These vision language models offer new approaches to image processing and are especially

suited for zero-shot or few-shot tasks.
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Figure 5.2: Diagram of a typical VLM framework, sourced from [123]. A typical VLM that
is built on top of an existing LLM encodes and projects input images to tokens which can
be input into the pretrained LLM.

5.3 Methodology

5.3.1 GBM Mesh Extraction

Gaussian Building Mesh (GBM) [100], introduced in Chapter 4, is an end-to-end 3D build-

ing leveraging Google Earth Studio [31], Segment Anything Model-2 (SAM2) [104] and

GroundingDINO [103], and a modified [84] Gaussian Splatting [20] model. The pipeline

enables the extraction of a 3D building mesh from inputs such as the building’s name,

address, postal code, or geographical coordinates. Since the GBM uses Gaussian Splatting

(GS) as 3D representation, it also allows for the synthesis of new photorealistic 2D images
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of the building under different viewpoints. The GBM pipeline is as follows.

• Google Earth Studio is used to retrieve multi-view remote sensing images from an

address, postal code, place name, or geographic coordinates.

• SAM2 and GroundingDINO are used for consistent building mask extraction using

text or click-based inputs. This module extracts the building from its background in

2D images.

• A mask refinement method was developed, incorporating morphological operations

and the Ramer-Douglas-Peucker algorithm to improve 2D mask accuracy.

• An improved version of the 2DGS Gaussian Splatting [84] model is utilized to learn

a 3D representation from 2D multi-view masked remote sensing images.

• 3D coloured building meshes are produced through masked Truncated Signed Dis-

tance Function (TSDF) fusion.

5.3.2 Google Maps Platform Integration

Python client binding for Google Maps Platform Services APIs is used to create an in-

tegration tool to automatically retrieve the GIS and mapping information of a building

of interest. For these image analysis experiments, the data is retrieved with four API

calls. The first is a Google Maps Platform Geocoding/Reverse Geocoding API call which

retrieves the complete address information including geographic coordinates, entrance(s)

coordinates, and building polygon mask vertex coordinates. Then, a Google Maps Platform

Elevation API call is used to retrieve the ground elevation using the building’s coordinates

as input. Finally, two API calls are made using the Google Maps PlaFtform Static Maps
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API to retrieve map(s) and satellite/aerial image(s) at the desired zoom level. This process

is illustrated in Figure 5.3. The aerial/satellite image(s) is then used as one of the inputs

to the Multi-Agent LLM Module.

Google Map Platform Integration can easily be modified to retrieve additional data from

the cloud-based mapping service by adding parallel API calls below the Geocoding/Reverse

Geocoding API call (e.g. Air Quality, Weather, Solar Data, Traffic, etc...). For example,

if we wish to analyze real-time traffic data, we can simply perform API calls to the Google

Maps Platform’s Traffic API.

One of {address, proper name, postal code, geographic coordinates}

Geocoding/Reverse Geocoding
API call

Address, coordinates,
and geometry data

Elevation and
other API call

Static Maps
API call

Ground elevation data,
additional data of interestStreet map(s)Satellite image(s)

Figure 5.3: Diagram of our Google Map Platform API Services Integration Tool.

5.3.3 Multi-Agent LLM Analysis of Multi-View/Scale Images

The motivation of this module is to create a multi-agent LLM system to analyze the multi-

modal data retrieved from Google Cloud Platform Services integration. An additional goal

is to enable sufficient automation for users with no coding knowledge to perform analysis
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and data retrieval with natural language. For the most of this chapter, I restrict the scope

of this LLM analysis to the multi-agent multi-modal content analysis of multi-view/scale

images. I also added an additional case study extending the scope to air quality data

analysis.

For this analysis, the primary goal is to retrieve and store keywords describing the

architectural style, function, landscape, and architectural elements of the building using

keywords. With the idea that an accurate set of keywords will allow an agent to reconstruct

a text-based description of the image without actually seeing the image, I also retrieve the

caption using keywords as a secondary objective. This process is illustrated in Figure 5.4.

From a building’s address, place name, postal code, or geographic coordinates, I retrieve

multi-view off-nadir images of the building of interest using Google Earth Studio (or use the

ones previously retrieved in the GBMmodule). I also retrieve top-down view aerial/satellite

image(s) at different scales using the building using Google Map Platform Integration. For

each image, I initiate a GPT4o/GPT4o-mini agent and prompt it to analyze the image

and retrieve a set of keywords for each image. I then initiate two agents, one to aggregate

the keywords from all the images of the building, and one to turn the aggregated keywords

into a human-readable caption description.

Multi-view
images

Keyword extraction
LLMs

Top-down
(multi-scale) image(s)

Keyword Aggregation LLM

Keyword-to-Caption LLM

Building caption + keywords

Figure 5.4: Diagram of Multi-Agent LLM processing multi-view-multi-scale images.
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5.3.4 Automated Multi-Agent Code Generation and Execution

Figure 5.5: Instructor-Worker System for automated cloud-based dataset and data stream
retrieval.

Further automation can be achieved by adding a code execution module and carefully

designing the LLM agents’ system prompts and prompt passing. The correct Google Maps

Platform API calls for data retrieval (or calls to other cloud-based data sources) require

domain-specific knowledge and are syntax-sensitive. For better user accessibility, I designed

an automation framework that automates this step, allowing users to perform data analysis

retrieval and analysis using natural language.

This automation framework is illustrated in Figure 5.5. The Instructor LLM is a Chain-

of-Thought reasoning model such as Deepseek-R1/GPT-O1 with a higher problem-solving

capability, but a more expensive API call price and typically slower response time. The

Worker is an autoregressive (chat-style) model that is inexpensive to use and has a faster

response time than reasoning models.

The Instructor LLM is responsible for providing the query to the cloud mapping API in

a one-shot manner. I.e. The user provides to the Instructor a single example for the format

of the desired API call from our Python wrapper introduced in Digital Twin Building’s
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Google Maps Platform integration [114]. The user can also provide code documentation to

the Instructor. The Instructor’s response string is processed through our Code Execution

Module which is comprised of two code compliance checks and a string-to-code execution

function. For the first check, the module initializes another LLM agent and asks it to ex-

amine the response string for any malicious codes. For the second check, string formatting

is used to check whether the response string complies with the one-shot example’s code

format. If both checks are passed, the API call from the Instructor LLM is executed as

code using Python’s built-in string-to-code execution function exec(). Although the Code

Execution Module was only used for the Google Maps Platform API call, it can also be

used to automate code generation for post-processing or the final analysis, e.g. to generate

plots during analysis, as long as code documentation or an example is provided. These

one-shot coding examples (either the documentations or an example function

calls) can also be pre-declared and stored as a system prompt allowing for a

user with no coding knowledge to use the system to perform data retrieval

and analysis. I.e., the one-shot examples can be pre-defined as opposed to user-provided.

Although only the Google Maps Platform API call was tested for code generation-based

automation, other code generation-based automation can easily be achieved, such as for

data post-processing, plotting, and numerical analysis.

This modified framework can be used to automate the retrieval of data from cloud plat-

forms such as Google Maps Platform, greatly improving user accessibility. This modified

automated framework is tested in the case study in Section 5.5.

110



5.3.5 Natural Language Processing Metrics

The evaluation of image analysis results in the absence of ground truth was an issue en-

countered in this research. Although metrics such as BLEU (Bilingual Evaluation Under-

study) and CIDEr (Consensus-based Image Description Evaluation) are commonly used to

evaluate captioning performance, they require supervised datasets with ground truth cap-

tions [127]. However, the images lack ground truth captions. As a no-reference metric for

evaluating caption generation on an unsupervised dataset, I use the CLIP [69], BLIP [128],

and PAC scores [129], which are commonly used no-reference image captioning metrics.

Readers are referred to the original papers for detailed explanations. These three scores

are all based on the cosine similarity between co-embedded image and text features using

a pretrained encoder.

CLIP-BLIP-PAC Score (%) = 100
t · i

∥t∥∥i∥
. (5.3)

where the text embedding of the caption t, and the image embedding of the corresponding

image i are from the respective CLIP, BLIP, PAC encoders. Additionally, the PAC score

is truncated at zero and can be rescaled (the original PAC paper scales up the score by an

additional factor of two).

I also use perplexity to roughly assess Large-Language-Model image-to-keyword extrac-

tion confidence. Perplexity is a measure of the model’s confidence in its response and is

given by

PPL = exp

(
− 1

N

N∑
i=1

logP (xi)

)
(5.4)

where logP (xi) is the log-probability of the token xi as assessed by the model during

text-token autoregression.
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The BERTScores (BERT Precision, Recall, and F1 Score) [127] are full-reference met-

rics used to assess text generation results in the presence of a reference text, and are

used in Section 5.5. They correlate better with human judgment than BLEU and CIDEr

scores and capture semantically meaningful similarities. The BERTScores use a pre-

trained BERT model [66] to embed both an input text (c1, c2...cm) and a ground truth

text (r1, r2, ...rn), eci = BERT(ci), erj = BERT(rj). Then, a cosine similarity matrix is

calculated. BERTScore precision, recall, and F1 are then computed based on similarity

matching.

The cosine similarity is given by,

sij =
eci · erj

∥eci∥∥erj∥
(5.5)

where i indexes candidate text (model output) and j indexes reference text (ground truth).

The BERTScore Precision is obtained by matching each candidate token with the most

similar reference token and averaging their mutual cosine similarities.

PBERT =
1

m

m∑
i=1

max
j

sij. (5.6)

The BERTScore Recall is obtained by matching each reference token with the most similar

candidate token and averaging their mutual cosine similarities.

RBERT =
1

n

n∑
j=1

max
i

sij. (5.7)

The BERTScore F1 is calculated using the harmonic mean of BERTScores Precision and
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Recall.

F1BERT = 2 · PBERT ·RBERT

PBERT +RBERT

. (5.8)

5.4 Experiments and Discussion

I chose seven different buildings to test my framework for multi-modal LLM-based data

analysis. These include well-known landmarks, commercial, residential, and institutional

buildings. I extract 31 multi-view images in a 360◦ view pose around the building of

interest, which I then use in conjunction with the GBM module to create the 3D coloured

mesh of the building. Then I subsample six images, one every 70◦, as inputs to the

Multi-Agent LLM module. I also use the Google Map Platform integration to retrieve two

aerial/satellite image(s), one at Google Maps zoom level 18, and one at Google Maps zoom

level 19 as inputs to the Multi-Agent LLM module.

In preliminary experiments, I noticed a relatively large variation in the final CLIP-score

across different attempts even while using the same model and prompt, since the LLMs’

outputs are not deterministic (even when using LLM Temperature = 0). As such, I perform

two experiments to understand the performance of the module when using different models

as LLM agents, and to understand the distribution of scores across different attempts for

both the keyword extraction step and the captioning step.

5.4.1 Keyword Extraction

For multi-agent image-to-keyword extraction, both chatgpt-4o-latest, and gpt-4o-mini are

suitable. Additionally, both high-resolution and low-resolution image analysis are available.

I tested all 4 combinations for all 7 scenes, for 10 iterations, with 8 images and LLM agents,
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Figure 5.6: Box plot of image-to-keyword perplexity distribution per model and level of
image detail (2240 samples total).

resulting in a total of 2240 API calls. I recorded the LLM responses and the perplexity

scores. The results are shown in Figure 5.4.

Figure 5.7: Box plot of CLIP Scores per model (mean in green).
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Figure 5.8: Box plot of BLIP Scores per model (mean in green).

Figure 5.9: Box plot of PAC Scores per model (mean in green).
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Figure 5.10: Average CLIP score of each building image captioning model for each different
scene.

5.4.2 Captioning

To evaluate the multi-image captioning capabilities, I run the image captioning pipeline

end-to-end using gpt-4o high image resolution API calls for keyword extraction. For each

of the 7 buildings, we test 5 iterations of keyword-aggregation-caption for each of the

four models: gpt-4o-mini, chatgpt-4o-latest, deepseek-chat, deepseek-reasoner. Each test

requires 10 API calls (eight calls for image keyword extraction, one for aggregation, and

one for caption generation), totalling 1400 API calls. I calculate CLIP, BLIP, and PAC

scores for every single one of the input images. This results in 7 · 5 · 4 · 8 = 1120 triplets

of scores, or 280 triplets of scores per model. The image captioning score distributions are

visualized in Figures 5.7, 5.8, and 5.9.
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5.4.3 Visualization

I present a visualization of the extracted 3D model, caption, keywords, and Google Maps

Platform-based information for the Perimeter Institute (PI) building scene in Figure 5.11.

The Perimeter Institute for Theoretical Physics is an independent research centre located

at 31 Caroline St. N, Waterloo, Ontario, Canada. I show the 3D mesh and depth maps

extracted from the scene, the 2D map, and the aerial image with the building’s polygon

at Google Maps zoom level 18, retrieved via the Google Maps Platform Static Maps API.

Additionally, I plot the keywords extracted from a single view and the caption generated

by the Multi-Agent LLM module.

5.4.4 Discussion of Digital Twin Buildings

At each testing iteration, the generated caption differs slightly. There is some inherent

variation to the captioning scores across iterations. As such, I used repeated testing with

box plot visualization to capture this behaviour better. Because I test the captions with

respect to both top-down images at different resolutions and angled images, there is an even

larger variability in the scores than can be accounted for by differences in the generated

captions. The BLIP Score and PAC Score were more sensitive to outliers. By examining

these outliers, we were able to confirm that outliers occurred when combining an overly

descriptive view with a viewpoint which does not contain the described image features.

I.e. outliers are not model-specific as the CLIP Score in Fig 5.7 would lead us to believe.

The BLIP Score shows a much larger interquartile range than CLIP and PAC Scores,

which demonstrates that it is less robust (more volatile to non-important captioning and

image differences). PAC score proved to be both robust (with its small interquartile range)

and sensitive (with its ability to detect meaningful outliers). This is consistent with the
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Figure 5.11: Visualization of results. Top Left: Colored 3D mesh. Bottom Left: Depth
map. Top Right: Aerial image with keywords and captions and retrieved polygon mask.
Bottom Right: Retrieved map with map information (the entrance is labelled with a red
place marker).

experiments in [129] strongly correlating it with human assessment of captioning.

5.5 Application: Air Quality Analysis

5.5.1 Google Maps Platform Air Quality API

Google Maps Platform offers air quality data in the form of current air quality, 720-hour

history at 500 m resolution, and current air quality tile maps. This data is gathered from
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various local air quality monitoring stations and satellite sensors from local providers and

interpolated when necessary.

Table 5.2: Google Maps Platform Air Quality Pollutant List, Abbreviation, and Unit

Pollutant Abbreviation Unit

Carbon monoxide CO Parts per billion (PPB)
Nitrogen dioxide NO2 Parts per billion (PPB)
Ozone O3 Parts per billion (PPB)
Inhalable particulate matter (<10µm) PM10 Micrograms per cubic meter (µg/m3)
Fine particulate matter (<2.5µm) PM2.5 Micrograms per cubic meter (µg/m3)
Sulfur dioxide SO2 Parts per billion (PPB)

Google Maps Platform offers air quality measurements for six pollutants: carbon

monoxide, nitrogen dioxide, ozone, particulate matter < 10µm, fine particulate matter

< 2.5µm, and sulphur dioxide. These are listed in Table 5.2. The API also provides infor-

mation on potential pollutant sources, health hazards, local air quality indices, and health

advisory warnings.

5.5.2 Los Angeles Wildfire

The Pacific Palisades Region of Los Angeles, California was affected by a severe wildfire

in January 2025, starting on January 7th and rapidly spreading over the next few days. It

was contained after 24 days on January 31st. It was one of the two major wildfires that

devastated Los Angeles in January 2025, causing more than 250 billion dollars in damage

and burning an area of around 155 km2 [130] [131].

Large wildfires are known to produce inhalable particulate matter at a level significantly

above the baseline of a region. Two common measures of these particulates are PM2.5 level

and PM10 level, which stand for particulates of 2.5 microns or less and particulates of 10

microns or less. [130]
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Figure 5.12: PM2.5 (Top) and PM10 (Bottom) levels from January 9th to February 9th
in select neighbourhoods in Los Angeles (LA), Waterloo (UW), Delhi (DL).
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Table 5.3: Air Quality Retrieval Neighbourhoods and Coordinates

City Coordinates Neighbourhood

Los Angeles, USA 34.0725° N, 118.5445° W Topanga State Park
Waterloo, Canada 34.07022° N, 80.5449° W University of Waterloo

Delhi, India 28.7041° N, 77.1025° E Abhinav Public School

To analyze the impact of the wildfires on the Pacific Palisades’ PM2.5 and PM10 levels,

I use the Google Maps Platform integration to retrieve the 720 hour air quality history

of the Topanga State Park neighbourhood, the suspected starting point of the Palisades

wildfire. The data begins on January 9th 2025 due to the 720 hours limit at the time of

data retrieval. I also retrieved the air quality at the University of Waterloo in Waterloo,

Canada, as a low pollutant baseline and a Delhi neighbourhood in Delhi, India, as a high

pollutant baseline. The PM2.5 and PM10 levels of the respective neighbourhoods (Table

5.3) are plotted in Figure 5.12.

When examining the Los Angeles Palisade PM2.5/10 levels, two major spikes can be

observed, roughly on January 9-10th and 11-12th. There are also a multitude of smaller

spikes. The January 9-10th and 11-12th major spikes have amplitudes that are significantly

above the Waterloo baseline for clean air but are comparable to the baseline of Delhi.

Surprisingly, the LA PM2.5 and PM10 pollutant levels are fairly comparable to Waterloo’s

levels outside of the spike events, despite the ongoing wildfires. This suggested a certain

degree of localness to the pollution caused by wildfires.

Fig. 5.12 shows two major spikes in particulate matter in the first three to four days

of the time series, as well as a few minor spikes later on. The particulate matter levels

returned to baseline fairly quickly. The baseline air quality near the measurement site

is close to clean city baseline levels despite the ongoing fires that lasted for the entire

month. The data seem to show that PM2.5 and PM10 levels are highly localized, perhaps
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with spikes occurring only with nearby active wildfires close to the sensor site. This effect

appears to not be mentioned in the literature and should be investigated further.

5.5.3 Multi-Agent Analysis of Air Quality

Below is an example of the framework in use when the user asks for an analysis of the

PM2.5 and PM10 levels of the LA neighbourhood during the time period. The Instructor

LLM queries the cloud platform to retrieve the data and instructs the Worker LLMs to

analyze the data.

Response 1: Example Instructions for Worker LLMs.

1. Data Extraction: For each day in the dataset, calculate the daily average levels of

PM2.5 and PM10 using the hourly data.

2. Outlier Detection: Identify outlier events by flagging days where PM2.5 or PM10

levels exceed 1.5 times the interquartile range (IQR) above the 75th percentile or below

the 25th percentile.

3. Summarization: Compress the data into a structured format: - Daily aver-

ages: {date: YYYY-MM-DD, PM2.5 avg: value, PM10 avg: value} - Outlier events:

{start date: YYYY-MM-DD, end date: YYYY-MM-DD, pollutant: PM2.5/PM10, max level:

value}

4. Output: Return only the structured summary without additional commentary or

explanations.

Then, Worker LLMs respond with their summary for their respective chunk. A response

for a chunk is provided below as an example:

122



{

"daily_averages": [

{"date": "2025-02-04", "pm25_avg": 8.94, "pm10_avg": 13.23},

{"date": "2025-02-05", "pm25_avg": 2.48, "pm10_avg": 7.34},

{"date": "2025-02-06", "pm25_avg": 2.63, "pm10_avg": 7.37},

{"date": "2025-02-07", "pm25_avg": 1.56, "pm10_avg": 5.63},

{"date": "2025-02-08", "pm25_avg": 3.12, "pm10_avg": 13.12},

{"date": "2025-02-09", "pm25_avg": 3.34, "pm10_avg": 15.12}

],

"outlier_events": [

{"start_date": "2025-02-04", "end_date": "2025-02-04",

"peak_pm25": 16.2, "peak_pm10": 18.44},

{"start_date": "2025-02-08", "end_date": "2025-02-09",

"peak_pm25": 5.99, "peak_pm10": 19.79}

]

}

The summaries for all chunks are aggregated and passed back to the Instructor LLM,

which receives further instruction. For example, when asked to analyze the time period

for outliers and possible causes, the Instructor LLM responds with the following.

Response 2: Key Pollutant Spike Events & High-Pollution Days Analysis

1. Extreme Pollution Events (Significantly Above Regional Averages)

- January 10, 2025: - PM2.5: Peaked at 382.03 (extreme spike). - PM10: Peaked

at 452.24 (extreme spike). - Likely Event: Severe short-term pollution event (e.g.,

industrial accident, wildfire, or dust storm).

- January 12, 2025: - PM2.5: Peaked at 509.07 (highest recorded spike). - PM10:

Peaked at 509.07 (unusually high co-spike). - Likely Event: Prolonged combustion event
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(e.g., large-scale biomass burning or industrial emissions).

- January 21–22, 2025: - PM10: Spiked to 92.45 (Jan 21) and 108.05 (Jan 22). -

Likely Event: Localized dust storms or construction activity.

- February 2, 2025: - PM2.5: Peaked at 37.86; PM10 at 45.10. - Likely Event:

Moderate industrial/vehicular pollution surge.

2. Days with Sustained High Pollution

- January 10–16, 2025: - PM2.5: Consistently elevated (avg 166.91 on Jan 10,

dropping to 4.92 by Jan 13). - PM10: Similarly high (avg 174.79 on Jan 10, stabilizing

at ∼ 27.92 post.

This LLM system was correctly able to identify outlier time periods and provide a

probable cause for the level of pollutants, as well as assess that the pollutant levels stabilized

at around 10% of the maximum level. Both PM10 and PM2.5 levels peaked at 509.07

µg/m3. This number was not hallucinated by the LLMs and was double-checked against

the raw data from the Google Maps Platform. As it is unlikely for two measurements to

peak at the same value up to five significant digits, this number could be significant for

other reasons (e.g. sensor limitations). The smaller spikes of PM10 and PM2.5 pollutants

after stabilization confused the LLM system (e.g., January 21–22). It was not able to

deduce that the region was devastated by large-scale wildfires throughout the entire month.

Despite the fires moving away from the sensor after the initial few days, the major cause

of the pollutants was still the wildfire, not dust storms or construction.
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5.5.4 Multi-Agent Health Recommendation and Benchmark

Google Maps Platform Air Quality API provides health recommendations for healthy peo-

ple, people with lung diseases, heart diseases, and pregnancies, including the elderly, and

children. These recommendations can be retrieved together with the air quality history.

To compare the effectiveness of the Instructor-Worker framework for policy recommenda-

tion, as final instruction after receiving the Worker summaries, I prompted the Instructor

to generate health recommendations for healthy people and people with lung diseases for

three days in the Topanga State Park neighbourhood in Los Angeles. January 10 (low air

quality), January 22 (moderate air quality), and February 9th (good air quality). Exam-

ple responses for three different iterations are shown below. (Iteration 4 had the lowest

semantic alignment according to BERTScore)

Response 3: January 10 Health Recommendation for People with Lung Disease:

- Iteration 1: Air quality is unhealthy and may aggravate lung conditions. - Advised

to avoid all outdoor physical activities. - Stay indoors in a well-ventilated space. - Consult

a healthcare provider if symptoms arise.

- Iteration 2: Air quality is hazardous. - Remain indoors and keep activity levels low.

- Follow medical advice and consider using air purifiers.

...

- Iteration 4: Air quality is very unhealthy. - Avoid all outdoor activities. - Stay

indoors with windows closed. - Use air purifiers if available. - Follow doctor’s recommen-

dations and have quick-relief medication on hand.

...

- Ground Truth: - Reduce the intensity of outdoor activities. - Keep relevant med-
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ications available and consult a doctor if needed. - Limit exposure to busy roads, open

fires, and smoke sources. - Reduce time near industrial emission stacks. - Staying indoors

with an activated air filtration system is recommended for long-term health.

Despite using an LLM temperature of zero, the framework produced semantically simi-

lar, but structurally different sentences. I ran 10 iterations of the framework with identical

initial instructions to assess the variance in the responses. The responses were assessed

against ground truth recommendations from the Air Quality API using the BERTScores

Eqs. (5.6,5.7,5.8).

Figure 5.13b shows a relatively large within-(sub)class variance, comparable to the

total variance (for people with lung disease). When plotting the BERTScores for health

recommendations for people with lung disease on January 10th in Sub-Figure (b), an

extensive interquartile range of around 0.6 for all three scores can be observed. This is

comparable to the interquartile range for people with lung disease across all days and is

larger than the total interquartile range. This suggests that the variance is primarily driven

by iteration-to-iteration differences in text generation rather than by differences between

high- and low-pollution days or between people with lung disease and healthy individuals.

Moreover, the lack of outliers (which would have been plotted as circles) in Sub-Figure

(a) of Figure 5.13b indicates that the recommendations’ semantic alignments were consis-

tently maintained with the ground truths provided by Google’s Air Quality API. In fact,

the model is fairly consistent in generating good scores, as shown in Figure 5.14. This is

also observed by examining the health recommendation with minimum BERTScores (P =

80.8 %, R = 77.8 %, F1 = 79.3 %) which occurs at the fourth iteration for January 10 for

people with lung disease, shown in Response 3. The scores still show a positive semantic

alignment, which is corroborated by comparing the response to the ground truth.
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(a) Interclass BERTScore F1 comparison for health recom-
mendation comparison for healthy people vs. people with
lung disease.

(b) BERTScore F1, Precision, Recall for January 10 rec-
ommendation for people with lung disease.

Figure 5.13: BERTScore distribution comparison for health recommendations.
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Figure 5.14: Bar graph of BERTScores for health recommendations by day (air quality)
and health class.

By examining example responses (3), a substantial difference in writing style between

the LLM system’s responses (more concise) and the ground truth writing style (more

elaborate) can be noticed. Aligning the writing style more closely with the ground truth

would be trivially easy and would likely yield higher average BERT scores. However, this

increase in score would not necessarily indicate better recommendations in practice. Since

the absence of outliers is a better indicator of recommendation success than perfect textual

similarity.

The reasoning model-based Instructor LLM can also generate more complex and com-

prehensive reports and recommendations with cross-references to data. Preliminary tests

of this scenario were performed by prompting the system to generate a short report on the

air quality. Without a ground truth policy to compare against, a numerical benchmark

cannot be provided. However, visual inspection indicates that the example recommended
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policy report is reasonable. An example of a short policy recommendation report based

on air quality data is shown below. The Instructor LLM was prompted with The area was

affected by wildfires. Generate a short report with policy recommendations based on the air

quality.

Response 4: Air Quality Report and Policy Recommendation

1. Severe Pollution Episodes: Extreme PM2.5/PM10 spikes coincided with wild-

fires, far exceeding WHO guidelines. - Example: Peaks of 452–509 µg/m³ on 01/10–01/12

(WHO 24-hour PM2.5 limit: 15 µg/m³).

2. Prolonged Exposure: Elevated PM2.5/PM10 levels persisted for weeks, indicating

chronic air quality degradation. - Example: PM10 >70 µg/m³ on 01/21; PM2.5 >25 µg/m³

recurrently.

3. Recurring Outliers: Hourly PM2.5/PM10 peaks suggest ongoing intermittent

wildfire activity or secondary dust dispersion. - Example: 30.1 µg/m³ PM2.5 on 01/31;

108.05 µg/m³ PM10 on 01/23.

4. Policy Recommendations:

- Emergency Response Framework: - Deploy real-time SMS/APP alerts prioritiz-

ing vulnerable groups. - Distribute N95 masks and designate HEPA-filtered emergency

shelters.

- Wildfire Mitigation: - Implement pre-fire season controlled burns to reduce fuel

loads. - Invest in satellite/ground sensors for early wildfire detection.

- Health Infrastructure: - Stockpile respiratory medications and expand ICU capac-

ity. - Launch public awareness campaigns on PM2.5 health risks.

- Long-Term Air Quality Management: - Regulate agricultural/industrial burning
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during dry seasons. - Establish green buffers with fire-resistant vegetation.

- Climate Resilience: - Promote drought management policies to reduce wildfire risk.

- Strengthen cross-regional collaboration for air quality monitoring.

5.5.5 Discussion of the Application-based Case Study

This research showed the viability of LLM systems for data analysis and policy recom-

mendations. The recommended policies were always aligned with ground truth policies.

Unlike supervised models, this framework can be directly applied to new situations without

ground truth.

Although our framework was built and tested for OpenAI and Deepseek APIs, only

benchmarked OpenAI models for repeated BERTscore assessments were benchmarked.

Although Deepseek is a less expensive LLM service provider, as of February 2025, the

platform is less reliable. When attempting to make continuous API calls to Deepseek,

service refusals occurred. To allow for more LLM model and provider choices, LLM APIs

from other LLM service providers such as Google’s Gemini API, Anthropic’s Claude API,

and xAI’s Grok API should be integrated and benchmarked.

However, the high variance in responses generated by LLMs and LLM systems indicates

that benchmarking LLMs should be done with great care. When few samples are used for

score assessment, it is possible that the variance in the response out-scales any contributions

from proposed innovations. A new metric should be developed for policy recommendation

since full-reference text assessment metrics are too influenced by writing style alignment,

whereas a measure of the semantic anti-alignment is more important for practical purposes

(I.e. measure the number and degree of false recommendations).

Additionally, a more rigorous way to perform statistical analysis using LLMs should
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be developed. Although the analysis generated by the LLM system in Section 5.3.4 can

suffice for some purposes, it does not have scientific rigour. My preliminary experiments

in February 2025 showed that these models still struggled with hypothesis testing and

calculating non-elementary mathematical operations and functions. An LLM system that

can perform rigorous hypothesis testing and provide p-value estimates should be designed,

perhaps by designing LLM systems that can call upon appropriate external statistical

libraries. This will greatly improve data analysis efficiency experiments in many fields of

science.

Although we used LLM models from LLM providers, who already took into consider-

ation LLM-safety alignment, we wish to host and fine-tune local models in future exper-

iments. In these cases, LLM-safety alignment should be of concern during deployment.

This can be done via a combination of output filtering, system prompt engineering, and

training data filtering.

5.6 Chapter Summary

In this chapter, I presented Digital Twin Buildings, a prototype digital twin system frame-

work. The framework can extract the 3D mesh of a building, connect the building to

Google Maps Platform APIs, and perform automated Multi-Agent Large Language model

data analytics. I demonstrated this by extracting visual description keywords and captions

of the building from multi-view-multi-scale images of the building. The framework can also

be used to process different data modalities sourced from Google Cloud Services. This ap-

proach enables seamless integration with geospatial data with LLM-based data analysis,

and enhanced interaction with real-world structures, paving the way for advanced applica-

tions in urban analytics, navigation, and virtual environments.
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I also tested a potential real-life data analysis and policy recommendation scenario using

a modified version of the multi-agent LLM system. This was done using the air quality

history data of the devastating Los Angeles wildfires of January 2025, retrieved using

the framework’s Google Maps Platform integration using the LLM system’s generated

query in a one-shot manner. The generated recommendations were all positively aligned

with ground truth with a minimum BERTScores of (P = 0.808, R = 0.778, F1 = 0.793).

This case study showed the potential of LLM-based systems for aiding GIS analysis and

integration into Urban Digital Twin frameworks, greatly improving user accessibility and

large-scale data analysis potential.
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Chapter 6

Conclusions and Recommendations

for Future Research

6.1 Conclusions

This thesis advances research in urban digital twins by contributing to innovations in

efficient, accurate, and user-accessible urban 3D modelling, data integration, and LLM-

based automated data analytics. This thesis is comprised of three distinct research projects

and a case study, each contributing novel advancements in their respective domains, as

detailed in the corresponding chapters. These are summarized as follows.

Chapter 3 introduces an approach to large-scale 3D urban scene reconstruction and

point cloud densification using Gaussian Splatting and Google Earth imagery. It is the

first work to propose Google Earth Studio as a data source for remote sensing-based Gaus-

sian Splatting training, exploring its performance across various scales and conditions in

urban environments. It was shown to outperform non-Gaussian Splatting methods used in
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traditional Urban Digital Twins in terms in terms of training speed, 3D accuracy, and 2D

photorealism.

Focusing on precise 3D reconstruction at the local scale, Chapter 4 presents the Gaus-

sian Building Mesh (GBM) pipeline, a method for extracting the 3D mesh of a building from

its place name, address, postal code, or geographic coordinates. Key contributions include

the integration of SAM2 with GroundingDINO for building mask extraction, improve-

ments to the masking module for training on masked images, and a novel mask refinement

procedure that enhances mask quality and geometry. This method generates an accurate

meshed-based 3D representation more suited for numerical computations and simulations

than 3D point clouds, outperforming previous methods. It is particularly suited for digital

twin systems modelling at the local scale.

Working towards a prototype next-generation urban digital twin systems model, Chap-

ter 5 introduces the Digital Twin Buildings framework, a user-accessible digital twin system

that allows the user to use natural language to query data and perform data analysis (as

opposed to computer language). The framework integrates 3D building modelling, cloud

mapping geographic information systems, and multi-agent LLM-based automated data an-

alytics. Leveraging the GBM pipeline from Chapter 4, the framework extracts 3D models

from addresses, coordinates, or place names and integrates them with the Google Maps

Platform and a newly designed LLM system built using LLM provider APIs like OpenAI

and Deepseek. The framework’s capabilities are demonstrated through experiments ana-

lyzing multi-view, multi-scale imagery using multi-agent LLMs. As an example of practical

application, the LLM system is also used in a case study to analyze air quality data from

Los Angeles during the January 2025 wildfires in Section 5.5.

Together, these projects constitute a fast, efficient, and accessible framework for urban

digital systems modelling, contributing to the development of Urban Digital Twins. We
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are in an exciting era of rapid AI development driven by recent advances in computer vision

and natural language processing. I hope that the research in this thesis and the proposed

research directions benefit future scholars by providing a blueprint for the next generation

of efficient, accurate, and accessible Urban Digital Twins.

6.2 Recommendations for Future Research

As discussed in the respective chapters, many challenges remain to be overcome. However,

these challenges also present new research opportunities in 3D computer vision, natural

language processing and geographic information systems/science, as well as further im-

provement opportunities for the next generation of Urban Digital Twins.

6.2.1 3D Urban Reconstruction

Using memory efficient implementations of 3DGS such as [132–135] will allow for better

reconstruction across multiple neighbourhoods by allowing for more Gaussian primitives.

Better camera pose arrangement for large-scale scenes can also be investigated. For drone

or aerial image footage, the camera pose arrangement must follow the platform’s movement.

What type of camera pose arrangement is best suited for 3D reconstruction via Gaussian

Splatting is an important question to answer. Google Earth Studio, can be used to test

different camera paths, even unrealistic ones such as multiple spirals arranged hierarchi-

cally, centred around each neighbourhood of interest, or approximate space-filling curves

filling out a camera path with dense coverage across the entire large-scale scene could be

tested. These methods can be combined with Gaussian-Splatting methods built for large-

scale scenes such as [58]. Alternatively, a large-scale 3D reconstruction scheme which pieces
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together multiple local models following the Mega-NeRF [53] framework can be considered.

Another future research direction is remote sensing-based large-scale semantics-based 3D

reconstruction and semantic synthesis for semantically aware 3D maps. For urban scenes,

this research area is expected to find applications in urban digital twin creation, urban

monitoring, and urban/land-use planning. By integrating Gaussian Splatting methods

with object semantics understanding, this research direction can also more generally extend

land-use/land-cover segmentation to three dimensions, which has a multitude of research

and commercial applications.

For generating the 3D mesh of individual buildings, the TSDF–Marching Cubes pipeline

is the main weakness. Gaussian Splatting already generates a point cloud-based 3D rep-

resentation. However, TSDF meshing requires the rendered depth maps from Gaussian

Splatting models as input. The rendered depth maps and the TSDF mesh are highly

sensitive to noise points and floaters, resulting in difficult-to-denoise mesh distortions and

mesh noise. The generation of 3D mesh from Gaussian Splatting models should be further

investigated; whether in the form of novel meshing pipelines, improvements to the current

TSDF–Marching Cubes pipeline, or novel primitives representations.

The improvements to the foundational computer vision models for open-set segmenta-

tion and object detection can also greatly improve important aspects of Gaussian Splat-

ting research, especially the research areas focusing on 3D segmentation. By being usable

out-of-the-box on any new dataset, and by not suffering from out-of-distribution gener-

alizability (at least compared to supervised models), these models are much more useful

in real-life applications than the thousands of supervised models which have been bench-

marked on commonly used datasets but have never been used in practical applications.

Although SAM2 and Grounding-DINO have proven to be of great use in the GBM re-

search in Chapter 4, Further performance improvement of these 2D foundational models
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should be investigated.

No-reference (unsupervised) quality assessment metrics for 3D point clouds, 3D meshes,

and text generation warrant further research. I personally believe machine learning and

deep learning research have relied too heavily on supervised datasets for benchmarking. In

all three research projects, many models/frameworks required performance quantification

without supervised datasets, leading me to use less common metrics and unconventional

benchmarking pipelines (e.g., assessing 3D mesh quality with 3D-SSIM comparing against

2D images). While these solutions could distinguish between ”good” and ”bad” models,

I find them unsatisfactory due to weak theoretical justification and insufficient empirical

evidence linking assessment scores to true performance.

6.2.2 LLM-based Geospatial Data Analysis

A future research direction is to leverage multi-agent LLMs to perform geospatial data

analysis using different data sources from different Google Cloud Platform services includ-

ing various Google Maps Platform and Google Earth Engine APIs, as well as social media

data streams (e.g. connecting to Twitter/X or other social media APIs). Using LLM-based

data analytics for decision-making or policy-making is particularly worth exploring. LLMs

can quickly parse and summarize a large amount of data and produce human-readable

summaries and actionable recommendations.

Another compelling research direction is benchmarking and fine-tuning the reason-

ing capabilities of advanced reasoning-based large language models, such as GPT-o1/o3

and Deepseek-R1, for remote sensing and GIS tasks. These models have demonstrated

graduate-level proficiency in solving problems across science, technology, engineering, and

mathematics. Testing and improving the spatial reasoning capabilities of these advanced
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models could be particularly interesting.

The ability to perform rigorous statistical tests using LLMs via natural language

prompting is extremely useful. As of my current experiments, although LLMs can find

trends and outliers, they still struggle to perform correct rigorous statistical tests and

provide p-values. Designing hybrid systems that allow LLMs to automatically call upon

statistical libraries to perform proper hypothesis testing would be of great help to scientific

research.

Better LLM metrics for text sentiment assessment should be developed. Although there

has been a wide variety of research on LLM problem-solving capabilities and assessment

thereof, simple text generation metrics are still too influenced by the writing style. For

many applications where the tone and style are unimportant, a pure semantic alignment-

based metric is desirable.

And finally, LLM systems are easily adaptable to different tasks. Building LLM systems

for the next generation of user-accessible digital twin systems in multiple domains should

be explored.
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A. Mahmoud, B. Jayaraman et al., “An introduction to vision-language modeling,”
arXiv preprint arXiv:2405.17247, 2024.

150



[124] A. Yang, B. Yang, B. Zhang, B. Hui, B. Zheng, B. Yu, C. Li, D. Liu, F. Huang,
H. Wei et al., “Qwen2. 5 technical report,” arXiv preprint arXiv:2412.15115, 2024.

[125] G. Team, R. Anil, S. Borgeaud, J.-B. Alayrac, J. Yu, R. Soricut, J. Schalkwyk, A. M.
Dai, A. Hauth, K. Millican et al., “Gemini: a family of highly capable multimodal
models,” arXiv preprint arXiv:2312.11805, 2023.

[126] C. Team, “Chameleon: Mixed-modal early-fusion foundation models,” arXiv preprint
arXiv:2405.09818, 2024.

[127] T. Zhang, V. Kishore, F. Wu, K. Q. Weinberger, and Y. Artzi, “Bertscore: Evaluating
text generation with BERT,” arXiv preprint arXiv:1904.09675, 2019.

[128] J. Li, D. Li, C. Xiong, and S. Hoi, “BLIP: Bootstrapping language-image pre-training
for unified vision-language understanding and generation,” in International confer-
ence on machine learning. PMLR, 2022, pp. 12 888–12 900.

[129] S. Sarto, M. Barraco, M. Cornia, L. Baraldi, and R. Cucchiara, “Positive-augmented
contrastive learning for image and video captioning evaluation,” in Proceedings of
the IEEE/CVF conference on computer vision and pattern recognition, 2023, pp.
6914–6924.

[130] T. D. of Forestry and F. Protection, “Palisades Fire — — fire.ca.gov,” https://www.
fire.ca.gov/incidents/2025/1/7/palisades-fire, [Accessed 10-02-2025].

[131] https://www.theguardian.com/profile/victoria bekiempis, “Los Angeles’ Palisades
and Eaton wildfires are now fully contained — theguardian.com,” https://www.
theguardian.com/us-news/2025/feb/01/los-angeles-palisades-eaton-fires-contained,
[Accessed 10-02-2025].

[132] P. Papantonakis, G. Kopanas, B. Kerbl, A. Lanvin, and G. Drettakis, “Reducing the
Memory Footprint of 3D Gaussian Splatting,” Proceedings of the ACM on Computer
Graphics and Interactive Techniques, vol. 7, no. 1, pp. 1–17, 2024.

[133] J. C. Lee, D. Rho, X. Sun, J. H. Ko, and E. Park, “Compact 3d Gaussian represen-
tation for radiance field,” in Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition, 2024, pp. 21 719–21 728.

[134] K. Katsumata, D. M. Vo, and H. Nakayama, “A compact dynamic 3d Gaussian
representation for real-time dynamic view synthesis,” in Proceedings of the European
Conference on Computer Vision. Springer, 2025, pp. 394–412.

151

https://www.fire.ca.gov/incidents/2025/1/7/palisades-fire
https://www.fire.ca.gov/incidents/2025/1/7/palisades-fire
https://www.theguardian.com/us-news/2025/feb/01/los-angeles-palisades-eaton-fires-contained
https://www.theguardian.com/us-news/2025/feb/01/los-angeles-palisades-eaton-fires-contained


[135] G. Song, C. Cheng, and H. Wang, “GVKF: Gaussian Voxel Kernel Functions
for Highly Efficient Surface Reconstruction in Open Scenes,” arXiv preprint
arXiv:2411.01853, 2024.

152


	Examining Committee
	Author's Declaration
	Statement of Contributions
	Abstract
	Acknowledgements
	Dedication
	List of Figures
	List of Tables
	List of Abbreviations
	List of Symbols
	Introduction
	Motivation
	Research Objectives
	Contributions
	Outline of the Thesis

	Background and Related Works
	Relevant 3D Representations
	Explicit Representations
	Implicit Representations
	Truncated Signed Distance Function Integration

	Photogrammetry and Structure from Motion Preprocessing
	Novel View Synthesis
	Rendering
	Differentiable Volume Rendering and NeRF
	Differentiable Rasterization and Gaussian Splatting

	3D Gaussian Splatting
	Gaussian Distributions
	Gaussian Splatting
	2D Gaussian Splatting

	Large Language Models and Transformers
	Evaluation Metrics
	Google Earth Studio
	3D Reconstruction from 2D Images
	Developments in Neural Radiance Fields
	Geometry Extraction
	NeRF in Remote Sensing and/or Urban Environments

	Developments in Gaussian Splatting
	Gaussian Splatting in Remote Sensing and Urban Environments
	3D Geometry Extraction

	Developments in Large Language Models

	Enhanced 3D Urban Scene Reconstruction and Point Cloud Densification using Gaussian Splatting and Google Earth Imagery
	Introduction
	Methodology
	Study Area
	Google Earth Studio
	Multi-View-Stereo Dense 3D Reconstruction
	Gaussian Splatting
	Metrics

	Experiments and Discussion
	Novel View Synthesis in the Study Area
	3D Novel View Synthesis of Bungee-NeRF Scenes
	3D Reconstruction of the Study Area
	Experiment with Google Earth Studio's Simulated Illumination
	Discussions

	Chapter Summary

	Gaussian Building Mesh: Extract a Buildingâ•Žs 3D Mesh with Google Earth and Gaussian Splatting
	Introduction
	Additional Background
	SAM2 and Grounding DINO
	GS2Mesh

	Methodology
	Google Earth Studio Dataset
	Building Segmentation and Mesh Refinement
	2DGS+
	TSDF Fusion and Mesh Extraction

	Metrics
	Experiments and Discussion
	Preliminary Experiments
	Mask Refinement
	View Synthesis
	3D Building Mesh Extraction
	Ablation Studies
	Discussion

	Chapter Summary

	Digital Twin Buildings: 3D Modelling, GIS Integration, and Visual Descriptions Using Gaussian Splatting
	Introduction
	Additional Background
	ChatGPT/Deepseek Application Programming Interface
	Google Maps Platform
	Vision Language Models

	Methodology
	GBM Mesh Extraction
	Google Maps Platform Integration
	Multi-Agent LLM Analysis of Multi-View/Scale Images
	Automated Multi-Agent Code Generation and Execution
	Natural Language Processing Metrics

	Experiments and Discussion
	Keyword Extraction
	Captioning
	Visualization
	Discussion of Digital Twin Buildings

	Application: Air Quality Analysis
	Google Maps Platform Air Quality API
	Los Angeles Wildfire
	Multi-Agent Analysis of Air Quality
	Multi-Agent Health Recommendation and Benchmark
	Discussion of the Application-based Case Study

	Chapter Summary

	Conclusions and Recommendations for Future Research
	Conclusions
	Recommendations for Future Research
	3D Urban Reconstruction
	LLM-based Geospatial Data Analysis


	References

