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Abstract— Three-dimensional urban scene reconstruction and
modeling is a crucial research area. From a technical perspective,
it is an interdisciplinary research area spanning computer vision,
computer graphics, and photogrammetry. Its applications span
across multiple disciplines including autonomous navigation with
3-D scene understanding, remote sensing/photogrammetry for
the creation of 3-D maps from aerial/drone/satellite images, geo-
graphic information systems with urban digital twins, augmented
and virtual reality with photorealistic scene reconstructions.
Using Google Earth imagery, we create a 3-D Gaussian splatting
(3DGS) model of the Waterloo region centered on the University
of Waterloo, and are able to achieve view-synthesis results far
exceeding previous 3-D view-synthesis results based on neural
radiance fields (NeRFs)which we demonstrate in our benchmark.
We also retrieve the 3-D geometry of the scene using the 3-D
point cloud extracted from the 3DGS model, thereby recon-
structing both the 3-D geometry and photorealistic lighting of
the large-scale urban scene.

Index Terms— 3-D Gaussian splatting (3DGS), multiview-
stereo (MVS), novel view synthesis, photogrammetry, point cloud.

I. INTRODUCTION

THREE-DIMENSIONAL reconstruction and modeling
from 2-D images have recently received great interest

given recent advances in photorealistic view synthesis methods
with 3-D reconstruction capabilities. From a technical perspec-
tive, it is an interdisciplinary research area spanning computer
vision, computer graphics, and photogrammetry. It finds appli-
cations in multiple domains, including autonomous navigation
aided by 3-D scene understanding [1], remote sensing, and
photogrammetry for crafting 3-D maps essential for nav-
igation, urban planning, and administration [2]. Moreover,
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it extends to geographic information systems incorporating
urban digital twins [3], [4], as well as augmented and virtual
reality platforms integrating photorealistic scene reconstruc-
tions [5], [6].

This article focuses on remote sensing-based large-scale
view synthesis based on 3-D Gaussian splatting (3DGS),
as well as a case study of 3-D geometry extraction from Gaus-
sian splatting in an urban environment. Using only images
from Google Earth Studio, we train a 3DGD model which
outperforms previous NeRF-based models. We quantify and
benchmark the view synthesis performance on a large-scale
urban dataset with ten cities captured from Google Earth,
as well as our region of study. We also extract and densify
the 3-D geometry of the region of study using 3DGS, which
we compare against a multiview-stereo (MVS) dense recon-
struction. To the best of our knowledge, this is the first use of
3DGD for large-scale remote sensing-based 3-D reconstruction
and view-synthesis.

II. BACKGROUND AND RELATED WORK

A. Urban 3-D Photogrammetry

Photogrammetry extracts 3-D geometry and potentially
other physical information from 2-D images. Remote
sensing-based urban photogrammetry for 3-D city modeling
relies on drones/aerial platforms/satellites whereby buildings
of interest at captured at an oblique/off-nadir angle. This
is often referred to as oblique photogrammetry. In large-
scale scenes, other land-uses and land-cover may be present
and present additional challenges. Ground-based and airborne
LiDAR scanners can also be used to generate very accu-
rate 3-D models, sometimes in conjunction with image-based
methods. However, images are in general more accessible both
in terms of sensor and data availability.

Traditional (nondeep learning-based) methods which gen-
erate 3-D point cloud/geometry from images are grouped
into two types: structure-from-motion (SfM) which generates
sparse point clouds, and MVS which generates dense point
clouds [7]. The most fundamental method is perhaps SfM,
which relies on multiview geometry and projective geometry
to establish the relationship between 3-D points and their 2-D
projection onto imaging planes. Key points are extracted in
each 2-D image, and matched in images with scene overlap,
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then triangulated to three dimensions, and typically further
calibrated/error-corrected using bundle adjustments or other
methods, resulting in a sparse point cloud 3-D reconstruction.
The sparse point cloud can then be meshed and/or turned
into digital surface models. Sparse SfM photogrammetry is
typically applied as a preprocessing step, as shown in various
works [8], [9] to help with further dense reconstruction or
data fusion with 3-D scanned point clouds. Sparse SfM point
clouds can only retrieve scene geometry, and cannot reproduce
realistic 3-D lighting of the scene which is crucial for AR/VR-
based applications, and other applications which heavily rely
on visualization.

In urban settings, MVS also requires oblique imagery to
capture the geometry of buildings and their facades. Funda-
mentally, MVS differs from sparse SfM photogrammetry since
MVS aims for a dense reconstruction by making use of 3-D
information in each pixel of the 2-D images, as opposed to
specific key points in the 2-D images. This can be achieved
using various methods such as plane sweeping or stereo vision
and depth map fusion, or even deep learning methods. MVS
methods are typically divided into two categories volume-
based, and point cloud-based [7], [10]. Various authors [8], [9],
[11], [12], [13], [14] have employed MVS for dense urban 3-D
reconstruction which can also be meshed for various purposes
such as digital surface modeling and geophysics simulations.
However, compared to sparse SfM photogrammetry, dense
MVS photogrammetry is much more computationally inten-
sive, especially in terms of memory. In addition, dense MVS
photogrammetry typically requires sparse SfM photogramme-
try, or at least the camera poses which are typically obtained
from sparse SfM photogrammetry, as a preprocessing step.
Dense reconstructions, although more visually appealing than
sparse reconstructions, are still not photorealistic since they
cannot model the directional dependence of lighting in the
scene.

B. Neural Radiance Fields and Urban 3-D
Reconstruction/View Synthesis

In recent years, neural radiance field (NeRF)-based meth-
ods [15] have dominated the field of novel view synthesis.
Trained on posed images of a scene, NeRF methods use a
differentiable rendering process to learn implicit [16], [17]
or hybrid scene representation [18] typically as density and
directional color fields, and typically using some multilayer
perceptron (MLP). The scene representation is then rendered
into 2-D images using a differentiable volume rendering
process, allowing for scene representation learning via pixel-
by-pixel supervised learning using backpropagation of a
photometric loss. Certain explicit scene representation mod-
els [19], [20], [21] use almost identical differentiable rendering
pipelines, but store their scene representations explicitly, for-
going the use of decoding MLPs (although some of these
methods allow for the use of a shallow decoding MLP, blurring
the line between explicit and hybrid scene representation).

To synthesize images, NeRF methods employ differentiable
volume rendering, generating pixel color C via alpha blending
of local colors ci using local densities σi along a ray with

sampling intervals δi . This is given by

C =

X
i

ci αi Ti (1)

where ci and σi are sampled from the learned radiance field
(e.g., the NeRF MLP), and

αi = 1 − exp(−σi δi ) and Ti =

i−1Y
j=1

�
1 − α j

�
. (2)

Certain NeRF-based methods focused on producing more
accurate geometry by changing the density fields to the
field to signed distance functions [22], [23], [24], [25] or
implicit surface representations [26]. This would then allow
for a truncated signed distance function integration and
voxelization-based 3-D mesh extraction.

Urban scenes, unbound, full of transient objects (such as
pedestrians and cars), and with changing lighting conditions
pose a challenge to the learning of 3-D scene representation.
Methods such as NeRF-W [27], Mip-NeRF360 [17], Block-
NeRF [28], and Urban Radiance Fields [29] proposed solutions
to some of these problems and are suited for ground-level
view-synthesis and 3-D urban reconstruction.

Aerial view 3-D reconstruction and view synthesis from
remote sensing images was also attempted with methods
such as Bungee/City-NeRF [30], Mega-NeRF [31], Shadow
NeRF [32], and Sat-NeRF [33]. These methods attempt to
solve problems such as piecing together local NeRFs into
large-scale urban scenes, multiscale city view synthesis, and
shadow-aware scene reconstruction for high-rises. BungeeN-
eRF [30] is of interest as we extract a Google Earth dataset
from our region of study using a similar method.

C. 3-D Gaussian Splatting

3DGS [34] was first developed in 2023 as a view synthesis
method competing against existing NeRF view synthesis meth-
ods. Compared against the vanilla NeRF method, the vanilla
Gaussian splatting method learns the 3-D scene and synthe-
sizes novel views orders of magnitude faster, and achieves
a visual quality for view synthesis comparable and often
exceeding to the best NeRF models, at the cost of a much
larger memory footprint and requiring SfM [35] initializa-
tion/preprocessing. The workflow is visualized in Fig. 1.

The SfM preprocessing is the standard sparse photogram-
metric process which identifies 2-D key points, matches
overlapping images, triangulates key points into 3-D, and
error-corrects through bundle adjustment or some other
method. Compared to standard photogrammetry which can
sometimes project image colors into flat (lighting-less) 3-D
point cloud color, 3DGS is able to photorealistically reproduce
the directionally dependent lighting of the scene, which is
crucial for many applications. It is also able to fine-tune
the geometry of the scene using photometric (color-based)
objectives against ground truth pictures, as opposed to only
minimizing reprojection errors in photogrammetry. Compared
to NeRF models, 3DGS produces more natural 3-D geometry,
with natural correspondence between learned 3-D positional
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Fig. 1. 3DGS workflow, image from [34]. SfM is used to create a sparse point cloud to initialize the 3DGD model. From these 3-D Gaussians, new images
are generated via the rasterizer and compared to ground truth images during optimization. Gaussians are densified as required.

means of 3-D Gaussian functions and 3-D point cloud repre-
sentation of the scene geometry.

Representing the scene as 3-D Gaussians functions and
representing lighting as spherical harmonic (SH) coefficients
attached to these Gaussians, 3DGS methods produce 2-D
images via a differentiable tile-based Gaussian rasterizer;
projecting Gaussians into two dimensions based on novel view
poses’ view cones, alpha-blending the projected Gaussians
to produce per-pixel color in the novel view. The novel
views are supervised against ground truth images for the
training of Gaussian splatting parameters. To the best of our
knowledge, this is the first work to attempt large-scale remote
sensing-based 3-D reconstruction and view synthesis using
3DGS, however, recent works [36], [37] have applied Gaussian
splatting to large-scale urban street-level datasets.

Very recently, multiple studies were published on innova-
tions in 3-D reconstruction based on Gaussian splatting. Works
such as SuGAR [38], 3DGSR [39], and 2DGS [40] aimed at
aligning Gaussian primitives to surfaces in the 3-D scene for
better geometric reconstruction. Alternatively, GS2Mesh [41]
created a 3-D reconstruction pipeline combining the standard
3DGS method with stereo deep learning-based depth recon-
struction and depth-based 3-D meshing using voxel-based
truncated signed distance function integration. However, these
methods are untested for large-scale urban scenes which brings
potential issues in memory and computational requirements
and issues with scene scale with respect to individual objects
for voxel-based surface meshing methods.

III. METHOD

A. Region of Study

The region of study is the Kitchener-Waterloo Region in
Ontario, Canada, centered at the University of Waterloo. The
city of Waterloo has a population of approximately 121 000
according to the 2021 census, and occupies 64.06 km2 of
land [42]. 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 centered at the Environment-1 (EV-1) building
located at 43.468◦N, 80.542◦W, and covers roughly an area
of 165 km2. We perform large-scale view synthesis at the city
scale, and 3-D point cloud comparison at the neighborhood
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 the National
Oceanic and Atmospheric Administration (NOAA).

The region of the study lies on the traditional land of
the Neutral, Anishinaabeg, and Haudenosaunee peoples. The
region of study is situated on the Haldimand Tract, the land
promised to the Six Nations that includes six miles on each
side of the Grand River.

B. Google Earth Studio Datasets

For the region of study, as camera paths, we used seven
concentric circles at different altitudes, radius, and tilt angles
centered around the EV-1 building at the University of Water-
loo, Waterloo, ON, Canada. 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 toward 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◦). We gathered 401 images using Google Earth Studio
along the camera path defined using these circles. The region
of study and camera poses, along with sparse SfM results
can be seen in Fig. 2. During preprocessing, we observed
poor SfM point cloud reconstruction results further than 6 km
away from the scene center, 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 337 382 points which
were used to initiate 3-D Gaussian functions for 3DGS. This
multiscale Google Earth Studio [43] dataset was inspired
by the BungeeNeRF dataset [30], which we also use for a
multicity large-scale view-synthesis benchmark.

For the BungeeNeRF scenes, we used the Google Earth
Studio camera paths specified by BungeeNeRF [30]. The
BungeeNeRF dataset consists of ten scenes for ten cities. Each
scene is centered 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 be found in Table I
for the ten BungeeNeRF scenes and the Waterloo scene. The
New York scene centered at 56 Leonard and the San Francisco
scene centered at Transamerica were used as main scenes for
the view reconstruction benchmark in BungeeNeRF [30], and
have 459 and 455 images, respectively. These two scenes were
rendered at 30 frames/s in a 1:30 min video. All other scenes
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TABLE I
GOOGLE EARTH CITY SCENES INFORMATION

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. We note 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 provides a platform for generat-
ing multiview aerial/satellite images by simply specifying
camera poses and scene locations. Google Earth Studio
produced composite images from various government and
commercial sources, as well as rendered images from 3-D
models constructed using remote sensing images from these
sources. These include Landsat/Copernicus, TerraMetrics, Air-
bus, NOAA, U.S. Navy, USGS, Maxar images, and datasets
taken at different times. 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
region of study, we 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.

C. Structure From Motion Preprocessing and Sparse Point
Cloud Extraction

The standard implementation of 3DGS relies on
COLMAP [35] for preprocessing. This 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. Like all SfM methods, COLMAP SfM
consists of the following steps.

1) Feature Extraction: In this step, for each image, key
points are identified, and robust view-invariant local features
are assigned to key points, image pairs with potentially over-
lapping points are then identified.

2) Geometric Verification: A scene graph with images at
nodes and edges connecting overlapping images is constructed
by verifying potentially overlapping image pairs. This verifica-
tion is done by estimating a valid homography in a potentially
connected image pair using a robust estimation technique such
as a variant of random sample consensus (RANSAC) by [44].

3) Image Registration: From a starting image pair whose
key points are triangulated into 3-D, new images with overlap
given the scene graph are added to the scene by solving
the Perspective-n-Point problem [44] which estimates camera
poses given a number of 3-D points and their 2-D projection.
This step robustly estimates the pose of the newly registered
image.

4) Triangulation: Given key points as viewed from two
images with known poses, key points are triangulated [45] into
3-D. Newly registered images extend the scene by allowing for
more key points to be triangulated into the 3-D reconstruction.

5) Error-Correction: To correct errors in registration and
triangulation, bundle adjustment [46] is performed by jointly
optimizing the camera poses and 3-D points during the min-
imization of the square error of the reprojection of the 3-D
point onto the image planes.

COLMAP [35] introduced various innovations improving
the geometric verification, improving the robustness of the
initialization and triangulation, introducing a next-best view
selection method and an iterative and more efficient bundle
adjustment method, resulting in the COLMAP SfM library.

D. MVS Dense 3-D Reconstruction

The MVS dense reconstruction we used as ground
truth/reference geometry of the region of study is retrieved
from COLMAP’s MVS algorithm [47]. This method is based
on joint view selection and depth map estimation [48]. The
method is summarized as follows.

1) 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 references and others as
sources. It incorporates three key components.

1) Occlusion Mapping: Ensures smooth and consistent
occlusion handling across spatial regions and optimiza-
tion iterations.

2) Photometric Consistency: Aligns the reference and
source images based on pixel similarity.

3) Geometric Consistency: Maintains alignment between
depth and normal maps across multiple views.

These are used to refine depth and normal maps, ensuring
accuracy and consistency across multiview geometry. For
further details on the mathematical formulation and likelihood
function optimization, refer to [35].

2) Filtering and Fusion: Photometric and geometric con-
straints 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.
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Fig. 2. Plot of camera poses, and reconstruction for region of study: Waterloo scene, centered on the EV1 building at the University of Waterloo. (Left)
Google Earth Studio camera path. (Middle) COLMAP [35] SfM reconstructed sparse point cloud with projected color and camera poses (as red dots). (Right)
Google Earth © aerial image of the region of study, sourced from Airbus.

E. 3-D Gaussian Splatting

3DGS [34], which we briefly describe in this section,
is used as the foundation for our 3-D urban reconstruction
and view-synthesis experiments in the region of study and in
the benchmarks.

From 2-D images of a scene, 3DGS learns and represents
the scene geometry as (unormalized) 3-D Gaussian functions
with mean µ ∈ R3 and 3 × 3 covariance matrix 6 given by

G(x) = e−
1
2 (x−µ)T6−1(x−µ). (3)

The scene lighting and color are learned as third-order SHs
coefficients for each color channel attached to each Gaussian.
To each Gaussian is also assigned a local (conic) opacity σ .
Combined with the 3-D mean and covariance matrix, resulting
in a total of 59 trainable parameters per Gaussian. The 3-D
covariance matrix 6 is learned as a 3-D diagonal scaling
matrix S, and a rotation represented by a quaternion (r, i, j, k),
which can be then used to reconstruct a 3-D rotation matrix
R as follows:

R =

1 − 2
�

j2
+ k2

�
2(i j−kr) 2(ik + jr)

2(i j + kr) 1 − 2
�
i2

+ k2
�

2( jk−ir)

2(ik− jr) 2( jk + ir) 1 − 2
�
i2

+ j2
�
. (4)

The 3-D covariance matrix is then given by

6 = RSST RT. (5)

A sparse initial point cloud and training image camera poses
are first computed using a structure from a motion library such
as COLMAP [35]. A Gaussian is initialized at each point in
the sparse point cloud, and trained using the differentiable tile-
based rasterizer.

1) Rasterization: The tile-based rasterizer tiles the image
into 16×16. For each tile, a view frustrum is projected into the
3-D scene. 3-D Gaussians are accumulated/assigned per-tile
according to overlap to the view frustrum, and are projected
into 2-D and via the projection of its covariance matrix 6.
Starting in homogenous coordinates, this is given by

6′
= J W6W T J T (6)

where W is the view transformation and J is the affine
approximation of the projective transformation. The projective
transformation is a matrix multiplication in homogenous coor-
dinates in the case of a linear camera model such as the pinhole
model used with the standard 3DGS model. In this case, J is
simply obtained from the intrinsic camera matrix. The third
column of µ′, and the third row and third column of 6′ are
then skipped to obtain the 2-D mean and the 2-D covariance
matrix in the imaging plane in Cartesian coordinates.

Gaussians are then sorted according to tile and by depth.
For each pixel in a tile, the pixel’s color is generated
via alpha blending accumulating in-scene direction-dependent
color using the learned SH coefficients. For each Gaussian to
be blended together, each αi at a pixel location x is given by
evaluating the associated 2-D Gaussian scaled by its associated
learned opacity ai

αi (x) = ai G2D(x) (7)

where G2D(x) is the Gaussian (3) projected into 2-D dimen-
sion and onto the image plane via Section III-E1.

The rasterizer generates an image which is compared to the
ground truth images using a photometric L1 loss and L D−SSIM,
a difference of structural similarity index measure (D-SSIM)
[49] loss via

L = (1 − λ)L1 + λD−SSIM (8)

with λ being an adjustable weighing parameter defaulting to
0.2. The trainable parameters are back-propagated through the
differentiable rasterization and optimized using Adam [50].

2) Densification and Pruning: 3DGS also densifies/grows
new Gaussians in regions with high view-space positional
gradient (threshold τ pos > 2.0 × 10−4 as default). These
regions correspond to neighborhoods with missing geometric
features and regions with a few Gaussians covering large areas
of the scene. 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.
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Unimportant Gaussians are also pruned. Gaussian that
are essentially transparent with opacity less than some
user-defined threshold (a < 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 reoptimized, then culled where needed. This
process controls the number of floater artifacts, and helps
control the total number of Gaussians. We believe that this
densification and density control process can allow for point
cloud reconstruction of similar density and potential quality
compared to a dense reconstruction, given a good dataset.

F. Evaluation Metrics

For the quality of synthesized images, we use peak signal-
to-noise ratio (PSNR), SSIM [49], and learned perceptual
image patch similarity (LPIPS) [51] as full reference image
assessment metrics comparing generated views to ground truth
views. PSNR is a good indicator of the presence of noise and
visual artifacts, whereas SSIM and LPIPS have been shown to
better correlate with human judgment of the visual similarity
of an image to its reference image.

For point cloud geometry assessment, we used point-to-
point (D1) mean squared error (mse), point-to-surface (D2)
mse, Hausdorff distance, and Chamfer distance, all of which
compare a lower quality point cloud to its reference point
cloud. We note that 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 capture
the difference between the distribution of points, including
differences in point density.

IV. EXPERIMENTS AND RESULTS

A. Experiment Setup

Both COLMAP preprocessing and 3DGS optimization were
performed on a 3080 RTX GPU with 10 GB VRAM,
i9-10900KF CPU, with PyTorch version 2.1.1 and CUDA
toolkit version 12.1. We note the GPU VRAM limitation being
especially relevant, as it is always possible to grow more and
more Gaussians to achieve higher and higher visual recon-
struction quality at the cost of memory and storage while using
3DGS.

B. 3-D Novel View Synthesis of the Region of Study

For the region of study, we used COLMAP SfM [35]
preprocessing and extracted 3-D points and camera poses
from the 400 2-D images. The experiments were performed
with MipNeRF-360 [17] style training validation split: one in
eight images (∼12.5%) were reserved for testing purposes.
The 1920 by 1080 resolution images were downsampled by a
factor of four during training due to GPU memory constraints.
We started densification at the 1000th iteration, and trained for
50 000 iterations, densifying every 100 iterations. We used an
initial positional 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 II and Fig. 3, in conjunction
with further view synthesis experiments from the BungeeN-
eRF dataset. We achieve high view synthesis visual quality
on both the training and test set. 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, and LPIPS
scores near 0, which indicates almost perfect visual agreement
between ground truth and generated images. The PSNR values
of around 30 dB also are indicative of good image quality and
a 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 [52], which is impressive
considering the 3DGS model was trained at (1/4) resolution.

C. 3-D Novel View Synthesis of Bungee-NeRF Scenes

For the BungeeNeRF scenes, the experiments were per-
formed with MipNeRF-360 style training and validation split
as previously described. The experimental settings were kept
the same as the Waterloo scene experiments, except we
reduced the total number of training iterations to 30 000.
BungeeNeRF provided detailed benchmarks for the New
York and San Francisco scenes, which were used for their
main view-synthesis experiments. We performed detailed com-
parisons of Gaussian splatting against BungeeNeRF, vanilla
NeRF, and Mip-NeRF for these two scenes. In addition,
we trained and evaluated Gaussian splatting models for the
remaining eight scenes whose camera paths were provided by
BungeeNeRF.

As observed in Table III, across both the New York and
San Francisco scenes, we 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 improvement from BungeeNeRF to
vanilla NeRF or any other benchmarked models. We also
note 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 [15],
Mip-NeRF [16], and BungeeNeRF [16]. Gaussian splatting
models achieve higher view synthesis quality with faster
training and rendering time at the cost of memory and storage
requirement [53]. We also included in III a comparison to a
much more modern implementation of 3DGS, trained using
default hyper-parameters, using the same number of training
iterations as our 3DGS model. We dubbed this implementation
2DGS+ [54], which combines many recent advances in 3DGS.
We note that the visual quality of 2DGS+ did not exceed that
of the vanilla 3DGS in these experiments, likely due: 1) to
the fine-tuning of 3DGS parameters on our part; 2) the visual
quality of our 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.
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Fig. 3. 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 the location of each 3DGS Gaussian, i.e., 3-D
positional mean of each Gaussian. These points were then extracted as point clouds.

TABLE II
TRAINING SET PSNR, AND TEST SET PSNR/SSIM/LPIPS RESULTS

ACROSS REGION OF INTEREST AND VARIOUS BUNGEENERF SCENES

As observed in the qualitative comparison in Fig. 4, 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 truth images. Compared with ground truth
images, we observe that rendered images have slightly blurrier
edges at the smallest scale (∼300 m altitude) and that 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
Fig. 4. We notice visible discontinuous and grid-like changes
in coloration of the water going from the San Francisco
shoreline to the San Francisco Bay and Golden Gate area,
likely indicating areas where different aerial and/or satellite
images were stitched together. This effect was also learned
by the 3DGS model, as is visible in the respective rendered
images.

We include NeRF-based novel view synthesis images in
Fig. 5. These images can be compared with 3DGS and ground
truth results at the top-left of Fig. 4. Due to limitations in our
hardware, we used smaller NeRF models than suggested by
the BungeeNeRF Xiangli et al. [30], with a lower network
depth at D = 6 and half the network width at 128. Despite this,
we note 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. We note that the leftmost
three models of Fig. 5 have likely not converged with our
setup compared to the NeRF benchmarks in Table III provided
in [30]

In addition, we also tested the performance of 3DGS on the
other BungeeNeRF Google Earth Studio scenes. We note a
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Fig. 4. Ground truth versus 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.

Fig. 5. 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.

TABLE III
PSNR, LPIPS, AND SSIM BENCHMARKS ON BUNGEENERF NEW YORK AND SAN FRANCISCO SCENES, NERF RESULTS CITED FROM [30]

0.7 to 5.7 PSNR drop when moving from the training set to the
test set across all scenes in Table I, indicating a certain degree
of overfitting across training views. We notice the overfitting
is more severe on the ∼200 image scenes as opposed to the

∼450 image New York and San Francisco scenes, with our
400-image Waterloo scene lying in the middle. The Bilbao
scene, centered on the Guggenheim museum, has by far the
worst performing 3DGS reconstructions. We observe that this
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Fig. 6. MVS densification. (Left) Example depth map. (Middle) Example normal map. (Right) MVS reconstructed a dense colored point cloud.

Fig. 7. Comparison of 3DGS point cloud densification of the EV-1 neighborhood at the University of Waterloo against initial and MVS densified point
clouds. (Left) MVS depth and normal maps fusion as ground truth (colored) dense point cloud. (Middle) Initial sparse point cloud. (Right) 3DGS densified
point cloud. Areas with obvious discrepancies/misalignment are highlighted in red rectangles (aligned-pixelwise).

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 3-D model
at off-nadir view angles at low altitude which resulted in poor
quality training images.

D. 3-D Reconstruction of the Region of Study

For the 3-D reconstruction experiments, due to computa-
tional constraints of MVS densification, which is even more
memory intensive than 3DGS, we extracted the sparse point
cloud using the first 50 images along the first-level camera
path. Then, using [47], we generated depth and normal maps,
which we then used to generate a dense point cloud as the
ground truth/reference 3-D geometry of the EV1 neighbor-
hood. We then trained a 3DGS model on these first 50 images.
After which, the Gaussian positional means were extracted as

a new 3DGS densified 3-D point cloud resulting in 1 856 968
points, starting from a sparse point cloud of 24 740 points,
a near 10x densification. The positional means which we
extracted as 3DGS densified point cloud are visualized in
Fig. 3 (rasterized at Gaussian scale = 10−3). In comparison,
the MVS densified point cloud resulted in 2 528 969 points.
The MVS densification is visualized in Fig. 6. The comparison
of densification results are visualized in Fig. 7.

We first note that the initial sparse point cloud and the 3DGS
densified point clouds are aligned with each other. However,
the MVS densified point cloud which we take to be ground
truth/reference point cloud was offset from both by a rotation,
a translation, and nonaffine deformations far from the origin.
This is visible in the last row of Fig. 7, but even more obvious
as we extend the view further. As such, we cropped all three
point clouds and performed point cloud registration to align
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Fig. 8. Post cropping and registration visualization of reference point cloud and deviation in local Hausdorff distance from reference (blue = small deviation,
red = large deviation). (Left) Reference MVS densified point cloud, meshed using Poisson surface reconstruction [55]. (Middle) Sparse initial point cloud
colored by Hausdorff distance from reference mesh. (Right) 3DGS densified point cloud colored by Hausdorff distance from reference mesh.

the three-point clouds. We used the iterative closest point
algorithm (ICP) [56] 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 we still observe slight nonaffine deformations as
the distance from origin and height increases post registration,
as can be seen in Fig. 8.

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 center 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. We evaluated the point
clouds against the dense MVS reference using D1 (point-to-
point) and D2 (point-to-surface) mse, Hausdorff distance, and
Chamfer distance, with results shown in Table IV. 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 distances 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 Fig. 7. In addition, Fig. 8 highlights local Hausdorff dis-
tances, showcasing nonaffine distortions between the reference
MVS cloud and the other point clouds.

V. DISCUSSION

We note that Google Earth Studio produces composite
images and images rendered from 3-D models, constructed
using remote sensing images of a variety of governmental and
commercial sources including Landsat, Copernicus, Airbus,
NOAA, U.S. Navy, USGS, and Maxar, during different flights.

TABLE IV
COMPARISON OF INITIAL SPARSE POINT CLOUD AND 3DGS DENSIFIED

POINT CLOUD VERSUS MVS DENSIFIED POINT CLOUD AS REFER-
ENCE. DISTANCES ARE CALCULATED BASED ON A SCALE WHERE

THE TALLEST BUILDING IN THE LOCAL SCENE IS OF HEIGHT 1

This can be both an advantage and a disadvantage. We first
note that low-altitude images using far-from-vertical/off-nadir
point-of-views rely on Google Earth Engine’s own 3-D mod-
els, 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 3DGS model, which has been trained
on images from different sensors in different photometric and
radiometric conditions. The disadvantages are also counter-
balanced by the ease at which Google Earth Studio allows for
the creation of a multiscale dataset with a spiraling camera
path suited for large-scale 3-D scenes centered around some
neighborhood of interest in a city. Some effects of image
stitching can be observed in the images retrieved from Google
Earth Studio in Fig. 4. Without access to the initial data source
prior to the stitching, standard methods for correcting for these
effects cannot be applied. However, using diffusion methods
to correct for these effects could be a potential future research
direction.

When recovering 3-D geometry (as 3-D point cloud)
from both the SfM preprocessing, the post-3DGS densified
point cloud, and even the MVS densified dense point cloud,
we notice a mild to the strong presence of noise, which should
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be addressed in future 3DGS research. In our 3-D reconstruc-
tion and densification experiments, we used the MVS densified
point cloud as ground truth, despite the fact that it was also
constructed from 2-D images. Despite recovering good quality
dense 3-D surfaces, the MVS densified point cloud was offset
from both the initial sparse point cloud and the 3DGS densified
point cloud with a nonaffine transformation, which should
be investigated further. In the future, for geometry recovery
benchmarks, we believe 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. We also note that
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,
we note that despite the fact that 3DGS was not built as a
3-D geometry extraction tool, it is reasonably able to recover
scene geometry through densification and optimization of the
Gaussian positions.

Using memory efficient implementations of 3DGS such
as [57], [58], [59], [60] will also allow for better reconstruction
across multiple neighborhoods, perhaps using more complex
camera paths such as multiple spirals arranged hierarchically
in Google Earth Studio, centered around each neighborhood
of interests, or space-filling curves filling out a camera path
with dense coverage across the entire large-scale scene. Alter-
natively, a large-scale 3-D reconstruction scheme which pieces
together multiple local models such as with Mega-NeRF [31]
can be considered. Another future research direction is remote
sensing-based large-scale semantics-based 3-D reconstruction
and semantic synthesis. For urban scenes, this research area
is expected to find applications in urban digital twin creation,
urban monitoring, and urban/land-use planning. 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. These are the research
areas we are currently investigating.

VI. CONCLUSION

We first compared 3DGS against NeRF methods on a
large-scale urban reconstruction dataset across ten cities as
a benchmark. Then, by leveraging Google Earth imagery we
capture an aerial off-nadir dataset of our region of study.
We were able to photorealistically render the scene and capture
its geometry. In our region of study, we performed an investi-
gation of the 3-D reconstruction capability of 3DGS via 3-D
point cloud densification and extraction, comparing and visu-
alizing the densification against MVS dense reconstruction.
We found both an affine misalignment which we removed with
a point cloud registration and a nonlinear deformation which
we quantify and visualize between the MVS densified point
cloud and 3DGS densified point cloud. We hope our study and
experiments help future research in large-scale remote sensing-
based 3DGS for both view synthesis and geometry retrieval.

TABLE V
PERFORMANCE METRICS FOR DIFFERENT SKY AND

SUNLIGHT CONDITIONS

TABLE VI
POINT CLOUD DISTANCE METRICS COMPARISON AGAINST REFERENCE

POINT CLOUD (BRIGHT-UNIFORM)

APPENDIX

A. Experiment on 3DGS With Google Earth Studio’s
Simulated Illumination

Google Earth Studio allows for the collection of images
under simulated illumination changes from the sun’s position
(time of day) and the sky condition. To test the effect of
changing sun direction and sunlight intensity we perform
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 a top-down view, and 90◦ corresponds
to a horizontal camera orientation. We chose the large tilt
angle hoping to observe the view angle-based effect of sun
illumination. We trained a 3DGS model and benchmarked
view synthesis and 3-D point cloud reconstruction results for
the five following different sky conditions and time of day.
The novel view synthesis results are shown in Table V.

1) Bright clear sky, no directional sun with uniform lighting
from the sky (bright-uniform).

2) Sunny clear sky at noon (sunny-noon).
3) Overcast sky at noon (overcast-noon).
4) Midnight (midnight).
5) A 24-h time-lapse on a sunny day as the camera circles

360◦ (24-h time-lapse).
We noticed COLMAP struggled under poor lighting con-

ditions, and returned camera poses with larger errors under
the Midnight lighting condition. We observed in the novel
view synthesis that the training has converged with high
training scores exceeding 30. 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 condition was tested with its own ground truth
images for PSNR, SSIM, and LPIPS. We observed changing
sky conditions to darker and more difficult illumination con-
ditions (such as the 24-h 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
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Fig. 9. 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)
versus synthesized view (bottom). (Right) Midnight illumination ground truth (top) versus synthesized view (bottom).

measures of visual quality. See Fig. 9, which shows that
the midnight illumination has a 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, we perform various full reference point cloud
comparisons of the metrics of Section IV-D. We did not
mesh the resulting point clouds and therefore did not calculate
a point-to-surface mse (D2 mse). The results are shown
in Table VI. We observed a direct correlation in lighting
similarity to point cloud geometric deviation. We observed
an especially large deviation in the Midnight lighting scene,
which is likely due to the aforementioned camera pose errors
in the COLMAP initialization, which caused large geometric
distortion near the edges of the scene.
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