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 A B S T R A C T

The rapid convergence of computer vision and digital technologies is redefining how buildings 
are captured, modeled, and managed. In computer vision, recently released open-source pre-
trained foundational image segmentation and object detection models allow for geometrically 
consistent segmentation of objects of interest in multi-view 2D images. Text-based or click-
based prompts can be used to segment objects of interest without requiring labeled training 
datasets, allowing for both user-prompted and automated segmentation. Simultaneously, Gaus-
sian Splatting allows for learning a 3D representation of a scene’s geometry and radiance based 
on 2D images. Combining Google Earth Studio, SAM2+GroundingDINO, 2D Gaussian Splatting, 
and our improvements in mask refinement based on morphological operations and contour 
simplification, we created a pipeline to extract the 3D mesh of any building based on its name, 
address, or geographic coordinates. Our pipeline offers a fast and user-accessible framework for 
rapid 3D modeling of built environments and structures, enabling downstream applications.

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, environmental 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. 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. Additionally, advances in deep learning image processing have greatly improved the capabilities of extracting individual 
objects from images.

Leveraging Google Earth Studio (Alphabet Inc., 2015-2024), and inspired by GS2Mesh (Wolf et al., 2024), we propose a 3D 
building mesh extraction pipeline capable of extracting the 3D mesh of a building given its proper name, address, postal code, or 
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Fig. 1. Flow chart of our pipeline. The output data modality at each step is denoted on the right. Processes and internal modules are in blue. 
The external module is in red. (For interpretation of the references to color in this figure or legend, the reader is referred to the web version of 
this article.).

geographical coordinates. When combined with off-the-shelf registration methods, our pipeline enables downstream tasks such as 
building information models, construction verification, and automated safety assessment.

Our contributions are as follows:

• We introduce a novel meshing pipeline that enables automatic 3D mesh reconstruction of a building directly from semantic 
inputs such as its name, address, postal code, or geographic coordinates without requiring on-site LiDAR or camera data. This 
represents a significant step toward text-to −3D geospatial reconstruction, bridging structured location data and 3D modeling.

• We leverage and improve Segment Anything Model-2 (Ravi et al., 2024) and GroundingDINO (Liu et al., 2024b) for 
geometrically consistent building masking.

• We created a Mask Refinement Module that enhances SAM2 and GroundingDINO performance by combining morphological 
operations, the Ramer–Douglas–Peucker algorithm, and mask re-prompting, yielding noticeably cleaner and more coherent 
masks when tested on an independent dataset.

• We improved and modified an unpublished implementation of 2DGS (Huang et al., 2024) to generate 3D colored building 
meshes via masked TSDF integration, with refinements in depth map filtering, smoothing, and hyperparameter tuning during 
both training and meshing.

GS2Mesh (Wolf et al., 2024) 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 our own that performs object-based 3D mesh extraction from 
text prompts or click prompts. This method was the main source of our inspiration. There are many other Gaussian Splatting-based 
3D geometry and mesh extraction methods. However, they focus on reconstructing the entire scene as opposed to being able to 
extract the mesh of designated objects based on user-based text input, clicks, or system-level automation.

2. Related works

2.1. 3D reconstruction from 2D images

Classical 3D reconstruction from 2D images is a well-studied area. Photogrammetry is well-understood in remote sensing and 
computer vision and is widely used for academic, industrial, and commercial purposes. For this purpose, multiple software suites 
and code libraries (Schonberger and Frahm, 2016; Snavely, 2008; Adorjan, 2016; Reality, 2024; Solutions, 2024; Esri, 2024) are 
commercially available or open-sourced, with some specifically designed for remote sensing applications. 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 allow for use in 3D modeling and simulations. COLMAP (Schonberger 
and Frahm, 2016), 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, including our own.
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2.2. Modern novel-view synthesis and neural/learning-based rendering

We categorize two broad families of recently developed methods in this section: NeRF and Gaussian Splatting, with a focus on 
papers that apply these techniques to remote sensing and building model extraction. Given the extensive body of work in this field, 
it is more comprehensively captured in survey papers (Gao et al., 2022; Chen and Wang, 2024) than in a few paragraphs of literature 
review.

Both NeRF and Gaussian Splatting methods are fundamentally based on two core concepts: differentiable rendering/rasterization 
and learning-based 3D representation. Differentiable 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.

Neural Radiance Field (NeRF) (Mildenhall et al., 2021), introduced in 2020, has garnered significant attention in this field. In 
NeRF-based models, the 3D representation consists of a 3D radiance field (directionally dependent color field) and a 3D density 
field, both represented as Multi-Layer Perceptrons (MLPs). Differentiable volume rendering is employed to generate 2D images by 
sampling and integrating local 3D color/radiance and density. These radiance and density fields are trained from scratch using a 
photometric loss function, meaning NeRF models learn a 3D representation of a scene from 2D images. Significant advancements 
have been made in this area, including (Barron et al., 2021, 2022; Müller et al., 2022), with models like (Wang et al., 2021; Oechsle 
et al., 2021; Wang et al., 2023) focusing on improving 3D geometry extraction, and others like (Xiangli et al., 2022; Rematas et al., 
2022; Tancik et al., 2022; Derksen and Izzo, 2021; Marí et al., 2022) applying NeRF techniques to remote sensing or urban scene 
capture.

3D Gaussian Splatting (3DGS) (Kerbl et al., 2023), first proposed in 2023, and subsequent 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 primitives in computer graphics) as a learned 3D representation. In addition to standard 3D Gaussian distribution function 
parameters, each Gaussian primitive also has directionally dependent color and opacity 𝛼, which are all trainable parameters. The 
method uses a differentiable tile-based rasterizer, projecting the 3D Gaussians onto the to-be-rasterized image, and 𝛼-blending the 
projected Gaussians. This allows the 3D Gaussians representing 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, have higher view-
synthesis quality, but require more memory. Methods such as (Huang et al., 2024; Guédon and Lepetit, 2024; Yu et al., 2024) 
improved 3D extraction.

While several methods have explored 3D Gaussian Splatting for urban environments, not all are suited for remote sensing. 
HUGS (Zhou et al., 2024) and HO-Gaussian (Li et al., 2025), for instance, are designed primarily for urban reconstruction from 
street-level imagery in autonomous driving scenarios, not for aerial or satellite applications. In contrast, Wang et al. (2024) 
propose a framework that generates and regularizes pseudo-viewpoints to improve training stability in view-sparse remote sensing 
environments, making it more relevant to aerial reconstruction. Chen et al. (2024) presents a practical drone-based system that 
performs 3D Gaussian Splatting reconstruction and imports the results into a 3D simulation engine, demonstrating real-world 
applicability in dynamic scene analysis. Among these, Gao et al. (2025a) is most closely aligned with the present work, as it also 
employs Google Earth Studio for large-scale 3D reconstruction. However, our previous work (Gao et al., 2025a) remains limited to 
scene-level point-cloud generation, lacking per-building segmentation. This manuscript extends that line of research by focusing 
on object-level mesh extraction through open-vocabulary masking and new techniques for improving mask accuracy, enabling 
finer-grained 3D reconstruction in complex urban environments.

However, we note that these methods all focus on scene-wide capture and cannot extract the 3D mesh of individual objects 
without further processing. Only GS2Mesh (Wolf et al., 2024), 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. Unfortunately, 
according to our preliminary testing, GS2Mesh often fails in remote sensing building extraction scenarios due to issues in the mask 
generation module and the pretrained deep learning-based stereo depth map module, which motivated our research.

3. Background

3.1. 3D Gaussian splatting

3D Gaussian Splatting (3DGS) (Kerbl et al., 2023) is a view-synthesis technique that enables the learning of a 3D scene’s geometry 
and lighting from multi-view 2D images, which can then be used to rasterize the scene from novel viewpoints. The process begins 
with an initial point cloud, often generated using COLMAP (Schonberger and Frahm, 2016) Structure-from-Motion (SfM). For each 
point in this cloud, 3DGS initializes a Gaussian primitive that encodes learnable parameters such as mean, covariance, opacity, and 
local lighting in the red, green, and blue channels, represented as spherical harmonic coefficients.

To render an image of the scene, a differentiable tile-based rasterizer is employed, projecting the Gaussian primitives into 2D 
on the image plane. These projected Gaussians are alpha-blended to generate the final image. During training, the learning of the 
Gaussian Splatting parameters is guided by comparing the rasterized image for a given camera pose to the ground truth training 
image. The difference in pixel values and overall image quality is used to optimize the parameters of the Gaussians.
3 
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Fig. 2. 2D Gaussian Splatting uses surfaced aligned 2D Gaussian primitives embedded in 3D to represent the 3D scene. 2D Gaussian is represented 
by it’s 3D position 𝐩𝐤, it’s scale 𝑠𝑢, 𝑠𝑣, and it’s orientation 𝐭𝐮, 𝐭𝐯. Huang et al. (2024).

3.2. 2D Gaussian splatting

2D Gaussian Splatting (2DGS) (Huang et al., 2024) enhances the standard 3D Gaussian Splatting (3DGS), improving the 
reproduction of 3D surface geometry. While GS2Mesh slightly outperforms 2DGS on the DTU benchmark, the two methods are 
fundamentally different. GS2Mesh is primarily a mesh extraction pipeline that utilizes vanilla 3DGS during the 3D reconstruction 
phase. In contrast, 2DGS is a significant improvement on 3DGS itself, altering the nature of the Gaussian splats. As a result, 2DGS 
can be used to replace 3DGS in many pipelines, as we have done.

The key innovation in 2D Gaussian Splatting is the representation of the scene using 2D-oriented planar Gaussians instead of 3D 
Gaussians. Like standard 3DGS, 2DGS employs Gaussian primitives that store spherical harmonic coefficients for each color channel, 
local transparency 𝛼, and 3D location 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 Fig.  2). Depth maps can be accurately rendered using the projected depth value. For more details, we refer readers to the 
original paper (Huang et al., 2024).

3.3. Segment anything model (version 2) and grounding DINO

Segment Anything Model (SAM) (Kirillov et al., 2023) 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. This inconsistency limits SAM’s 
effectiveness in segmenting video data, which requires temporal consistency, and multi-view data, which requires 3D consistency.

SAM2 (Ravi et al., 2024), released in August 2024, addresses this issue by introducing consistent video segmentation that 
maintains 3D and temporal consistency through the use of memory attention. Since we aim to extract the mesh of an individual 
building rather than an entire neighborhood, segmentation masks are crucial.

GroundingDINO (Liu et al., 2024b) is a pretrained open-set object detector capable of extracting object bounding boxes in 
images from natural language prompts without requiring additional 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 (Ren et al., 2024), which is available as an open-source library.

3.4. GS2Mesh

GS2Mesh (Wolf et al., 2024) is a Gaussian Splatting-based 3D reconstruction pipeline, outperforming concurrent and competing 
methods such as SuGAR (Guédon and Lepetit, 2024), 2DGS (Huang et al., 2024), and GOF (Yu et al., 2024) on the DTU dataset 
benchmark (Sølund et al., 2016).

• 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.
• The entire ensemble of depth images is integrated into a mesh using the Truncated Signed Distance Function fusion (TSDF) 
algorithm (Curless and Levoy, 1996) with the Marching-Cubes algorithm (Lorensen and Cline, 1998).
4 
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More specifically, a standard 3DGS model is trained from the input images. The 3DGS model is then used to generate a stereo 
pair 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.

For these stereo image pairs, the Segment Anything Model 2 (SAM2) is used to generate segmentation masks for the objects. 
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 (Zhao et al., 2023), pretrained on the Middlebury dataset (Scharstein and Szeliski, 2002), 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 (Zhou et al., 2018) implementation of the TSDF algorithm initializes and 
populates a voxel grid with the scene geometry. The voxel representation 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 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.

3.5. Evaluation metrics

For 2D view synthesis visual quality assessment, we use the commonly accepted Peak Signal-to-Noise Ratio (PSNR) (Netravali, 
2013), 2D Structural Similarity Index Measure (SSIM) (Wang et al., 2004), and Learned Perceptual Image Patch Similarity 
(LPIPS) (Zhang et al., 2018). These are full-reference metrics that compare an assessed image with a ground truth image. PSNR 
and SSIM are higher when the assessed image and the ground truth are similar. SSIM achieves a maximum value of 1 when the 
two images are identical. LPIPS, on the other hand, is lower when the two images are similar, with a minimum of 0 when the two 
images are identical.

For 3D mesh quality assessment, we use the 3D Structural Similarity Index Measure (3D-SSIM) (Zeng and Wang, 2012), comparing 
a 360-degree rendering video of the mesh with a 360-degree ground truth video created by segmenting the building from its 
background in the Google Earth training images. We note that there are other full-reference 3D geometry and visual quality metrics 
that compare 3D models to other 3D models. However, we lack ground truth 3D models for the buildings we meshed and only 
have access to ground truth 2D images. This is the main reason for using the video-based 3D-SSIM for mesh quality comparison. 
We provide both the average 3D-SSIM across the entire video and the minimum 3D-SSIM across video frames.

4. Methodology

Leveraging Google Earth Studio and inspired by GS2Mesh, we 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. We performed our 
experiments on a single Nvidia GTX 3080 with Pytorch 2.01 compiled with CUDA 11.8. As shown in Fig.  1, our pipeline consists 
of the following steps:

1. Multi-view remote-sensing image collection: We leverage Google Earth Studio to collect multi-view images of a building 
of interest using its name, address, or postal code or coordinates.

2. Automated building mask extraction: We automatically extract multi-view consistent building masks for the building of 
interest in each image using system-level prompts.

3. Building mask refinement: We refine SAM2 masks using morphological dilation, which slightly extends the mask outwards 
and fills in holes. We then simplify mask contours using the Ramer–Peuker–Douglas algorithm. Optionally, we also allow for 
user-based re-prompting to correct possible errors from the automated process.

4. Gaussian Splatting: We train a 2DGS+ (Ye and GitHub-Contributors, 2024) model to learn building geometry and radiance.
5. Mesh extraction: We perform masked Truncated Signed Distance Function Fusion on smoothed depth maps to extract a 
3D building mesh. We perform mesh refinement and mesh simplification using Open3D triangular mesh post-processing 
functionalities.

4.1. Google Earth Studio

Google Earth Studio (Alphabet Inc., 2015-2024) is a web-based animation tool. With access to Google’s vast collection of 2D 
and 3D Earth data, ranging from large geological formations to individual buildings, Google Earth Studio provides a simple and 
efficient way to collect off-nadir images. While traditionally used for visualization and cinematography, we repurpose this platform 
as the data acquisition module in our frame for generating controlled, high-fidelity multi-view imagery. This approach enables 
the creation of synthetic yet geographically accurate datasets optimized for the training and evaluation of 3D Gaussian Splatting 
(3DGS) models (Gao et al., 2025a). Google Earth Studio allows for the specification of a target of interest in terms of longitude and 
latitude coordinates, address, postal code, or location name. After selecting the target of interest, Google Earth Studio enables the 
5 
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Fig. 3. Example of Google Earth Studio images. Top Left Buckingham Palace (high-resolution, consistent geometry) Top right: CN Tower (high-
resolution, consistent geometry). Bottom-left: Whitehouse (low-resolution, consistent geometry) Bottom-right: hotel in Hambantota–Sri Lanka 
(low-resolution, distorted geometry).

specification of a camera path for which images of the target location are rendered. By selecting a circular camera path orbiting 
above and pointing towards the target of interest, Google Earth Studio allows for the extraction of a multi-view dataset of the 
building with 360-degree coverage, well-suited for 3D reconstruction.

Through this module, we tested two complementary sets of scenes: 13 high-quality scenes featuring detailed buildings selected 
for meshing, and 5 lower-resolution scenes used to examine model robustness under degraded input conditions (see Table  1). The 
White House is present in both sets; its reduced resolution reflects the Washington D.C. restricted airspace, which constrains aerial 
imaging. Each scene comprises 31 frames sampled evenly along a full circular orbit around the structure, ensuring consistent spatial 
coverage and angular diversity. Building identification can be performed and were tested through multiple methods: address, postal 
code, geographic coordinates, and named search. Camera tilt angles were discretized to the nearest half-degree, providing a fine-
grained control over viewing geometry. A tilt of 0◦ corresponds to nadir (downward) imaging, while 90◦ represents a horizontal 
view parallel to the ground.

Upon inspection of the low-resolution and low-coverage scenes, we observed that, except for the White House scene, the Google 
Earth Studio multi-view images did not yield coherent multi-view geometry. For the McGill Arctic Research Station, Summit Research 
Station, Alomar Observatory, and the hotel in Hambantota, Sri Lanka, COLMAP failed to preprocess the scene data, and Gaussian 
Splatting training did not produce coherent results. The Google Earth Studio images for these scenes exhibited highly distorted 
geometry, as shown in Fig.  3, causing COLMAP initialization to fail, which in turn led to the failure of any tested Gaussian Splatting 
modules. In contrast, the White House scene, although low in resolution, maintained coherent geometry, allowing the pipeline to 
reconstruct its mesh successfully. These limitations are discussed further in Section 6. For these reasons, the remaining experiments 
were conducted using the 13 buildings for which reconstruction was successful.

4.2. Mask extraction and mask refinement

SAM2 provides a rough segmentation mask of the building. This process can be automated by providing system-level prompts 
to identify the building of interest. We noticed the following problems while inspecting the SAM2 segmentation masks and the 3D 
mesh extraction that resulted from directly using those masks.

1. Poor geometry and holes: We noticed that SAM2 had trouble with some buildings whose roof or wall colors 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 in close proximity to each other.

3. Poor mask boundary at building base: SAM2 produced masks with poor geometry at the buildings’ base, often resulting in 
incomplete masking and jagged mask boundaries. This resulted in 3D reconstructions with jagged bottoms, greatly affecting 
visual quality.
6 
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Table 1
Camera altitude and tilt for Google Earth Studio scenes’ camera flight 
path. Low-resolution/low-view-coverage scenes are colored in gray.
Location Camera altitude (m) Camera tilt (◦)
ICON 680 63.5
Canada Parliament 119 63.5
CN Tower 1870 47.5
Laurel Heights 713 57.0
Perimeter Institute 882 25.5
Dana Porter Library 526 57.0
Townhouse 527 45.0
Coloseum 364 65.6
Buckingham 350 63.4
Westminster 344 63.0
Pyramid 1211 51.3
Bath Chancellory 531 50.2

Whitehouse 310 43.6
McGill Arctic Research Station 363 42.4
Summit Arctic Research Station 3548 50.2
Alomar Observatory 704 63.0
Hambantota, Sri Lanka 217 55.0

4. Wrong building identification: When using automated system prompts in scenes where the building of interest is not a key 
landmark (e.g., when multiple identical buildings are together), SAM2 at times segmented the wrong building.

5. Incomplete geometry: When using automated system-level prompting, at times, not the entire building of interest was 
segmented. Moreover, for complex buildings, SAM2 would at times lose part of the building in long image sequences.

To address these issues, we developed a mask refinement pipeline. We optionally morphologically erode the mask first, removing 
noise. Then, we grow the mask using morphological dilation to fill in any holes and expand incomplete masks. We 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, addressing these issues. Our SAM2 image sequence-based building segmentation (mask 
generation) process is as follows.

4.2.1. Automated mask extraction
By using the Grounded-SAM pipeline with SAM2, we extract object masks without further training with natural language text. We 

use the system prompt ‘‘the central landmark or building of interest’’ to automatically extract the multi-view segmentation masks. 
Additionally, if a uniquely identifying proper noun (e.g., ‘‘The Parliament of Canada’’) was used to extract the multi-view images 
of the building from Google Earth Studio, we also automatically pass this to the Grounded-SAM pipeline as an additional system 
prompt.

4.2.2. User re-prompting
To solve the aforementioned issue of incomplete geometry, we modified the masking pipeline to add optional user re-prompting. 

We 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. The need for reprompting depends on scene complexity. Across 
the tested scenes, reprompting was required in approximately 40% of cases. In each of these scenes which need reprompting, either 
one or two frames (5% of frames) were reprompted (see Fig.  4). 

4.2.3. Morphological dilation and erosion
The morphological dilation ⊕ of an image 𝐼 by a filter 𝐹  is defined by 

𝐼 ⊕ 𝐹 =
⋃

𝑝∈𝐹
𝐼𝑝, (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.

Before the morphological dilation, we 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 purposes. 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 morphologically 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.
7 
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Fig. 4. 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.

4.2.4. Canny edge extraction
Canny edge extraction is a well-known classical algorithm for extracting lines using the image’s gradient. The Canny algorithm 

is well-known in computer vision. As such, we refer readers to the original paper for details (Canny, 1986).

4.2.5. Ramer–Douglas–Peucker contour refinement
The Ramer–Douglas–Peucker algorithm (RDP) (Ramer, 1972) 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) (2)
and a threshold parameter: 

𝜖 > 0 (3)
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)

3. Determine the maximum distance: 
𝑑max = max

𝑖=2,…,𝑛−1
𝑑𝑖 (5)

4. If 𝑑max > 𝜀, let 𝑃𝑘 be the point where the maximum occurs. Recursively apply the algorithm to: 
{𝑃1, 𝑃2,… , 𝑃𝑘} and {𝑃𝑘, 𝑃𝑘+1,… , 𝑃𝑛} (6)

5. If 𝑑max ≤ 𝜀, approximate the set by 𝑃1𝑃𝑛 and keep only 𝑃1 and 𝑃𝑛.

Output: A reduced set 𝑃 ′ ⊆ 𝑃 , forming a piecewise linear approximation within tolerance 𝜖.

We 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. We performed a 
linear parameter search for 𝜖, and found that a reasonable range of values 𝑝

200 ∼ 𝑝
800  worked well. We then filled the contour 

to create the refined mask, which addresses the aforementioned issues. We tested both our own implementation and an OpenCV 
implementation and found no discernible difference.
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Fig. 5. Flowchart of 2DGS+ as our Gaussian Splatting Module, highlighting additions to 2DGS.

4.3. 2DGS+

We compared 2DGS, SuGAR, and GOF as potential Gaussian Splatting frameworks. We selected 2DGS because it produced 
superior mesh reconstruction results compared to SuGAR and performance comparable to GOF, while offering greater efficiency 
and ease of use. We confirmed this in our ablation study in Table  4. After developing initial extensions to 2DGS, we adopted 
2DGS+1 as our foundation, as it integrated similar enhancements and broader improvements from the research community.

2DGS+ is a state-of-the-art implementation of Gaussian Splatting built on the foundations of 2DGS. This implementation, which 
we dubbed 2DGS+ (Ye and GitHub-Contributors, 2024), is an unpublished fork of the 2DGS repository and combines many recent 
advances in Gaussian Splatting, improving 2DGS with ideas from AbsGS (Ye et al., 2024), PixelGS (Zhang et al., 2024), TrimGS (Fan 
et al., 2024), AtomGS (Liu et al., 2024a), GaussianPro (Cheng et al., 2024), and Taming-3DGS (Mallick et al., 2024). We do not 
make use of all these additions. The useful additions to the original 2DGS, as tested in our ablation study, are shown in Fig.  5.

The Appearance Network is a small 4-layer convolutional neural network (CNN) used to decouple per-image appearance 
differences. This was introduced in GOF (Yu et al., 2024) and VastGaussian (Lin et al., 2024). An appearance embedding 𝑙𝑖
is learned per training image 𝑖, which is used to account for per-image photometric differences that are strictly non-geometric 
(e.g., lighting change). The embedding is concatenated to each pixel of the down-sampled training image 𝑖 fed into the appearance 
CNN, which produces a multiplicative correction for the rendered image; i.e. this correction helps account for lighting/appearance-
based differences between the training image and the image produced by Gaussian Splatting. This CNN is optimized along with the 
Gaussian Splatting model. 

Progressive propagation, introduced in GaussianPro (Cheng et al., 2024) propagates accurate geometry from well-modeled 
regions to under-modeled ones, allowing new Gaussians to be created. Each pixel defines a local 3D plane parameterized by its 
normal 𝐧 and distance 𝑑 from the camera origin, computed as 

𝑑 = 𝑧𝐧⊤𝐾−1𝐩𝑒, (7)

where 𝑧 is the pixel depth, 𝐾 is the intrinsic matrix, and 𝐩𝑒 is the homogeneous pixel coordinate. Plane parameters are propagated to 
neighboring pixels via patch matching and refined using multi-view consistency; pixels with large depth discrepancies are converted 
into new 3D Gaussians for further optimization. 

The Contribution Trimming from TrimGS (Fan et al., 2024) is defined by trimming Gaussians based on their Contribution 
Scores. The Contribution Score of a Gaussian to the 𝑘th image is defined as the sum over all pixels 𝑝 of alpha-blending weights, 
defined as 

𝐂𝑘 =
∑

𝑝∈𝑘

𝛼𝑖(𝑝)
𝑖(𝑝)−1
∏

𝑗=1
(1 − 𝛼𝑗 ). (8)

where 𝛼𝑖(𝑝) is the opacity of the 𝑖th Gaussian contributing to the pixel 𝑝, and 
∏𝑖(𝑝)−1

𝑗=1 (1 − 𝛼𝑗 ) is the transmittance term up to the 
𝑖th Gaussian. This contribution score is then normalized and averaged over the top-5 views for which the Gaussian contributes the 
most. Low contribution Gaussians are removed every 1000 iterations during training.

The Edge-Aware Normal Loss from AtomGS (Liu et al., 2024a) enforces smooth geometry while preserving sharp details. It 
combines the curvature magnitude of surface normals |∇𝑁| with an edge map |∇𝐼| derived from image gradients. A weighting 
function 𝜔(𝑥) = (𝑥 − 1)𝑞 , with even 𝑞 > 0, reduces smoothing near high-frequency edges and increases it in flat regions. The loss is 
defined as 

normal =
1

𝐻𝑊

𝐻
∑

𝑖=1

𝑊
∑

𝑗=1
|∇𝑁|⊗𝜔(|∇𝐼|), (9)

summing over the image height and width 𝐻,𝑊 . ⊗ denotes the Hadamard product. The Edge-Aware Normal Loss encourages 
normal consistency in smooth areas while preserving geometric discontinuities along object boundaries.

In our experiments, we found that the Gaussian Splatting representations generated from 2DGS+ have fewer floaters (free-floating 
Gaussians in mid-air), are smoother, and produce better depth maps, resulting in significantly higher-quality meshes during TSDF 
fusion meshing. We tuned the hyperparameters for 3D mesh extraction quality with a linear hyperparameter search, one parameter 
at a time. We used the progressive training modality from GaussianPro, densifying the Gaussians until the 25,000th iteration. We 
used 𝜆𝑑𝑒𝑝𝑡ℎ = 0.2 and 𝜆𝑛𝑜𝑟𝑚𝑎𝑙 = 0.1 as loss weights associated to the depth loss and the normal loss, respectively (see Fig.  5).

1 2DGS+ can be found at https://github.com/hugoycj/2d-gaussian-splatting-great-again, and follows the standard Gaussian Splatting license from Inria and 
MPII.
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Fig. 6. Example 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.

Fig. 7. Example of DLNR failure case. Left: 2D image of the building of interest with background masked out. Right: DLNR stereo depth 
reconstruction from a building with background masked out.

4.4. TSDF fusion and mesh extraction

Like GS2Mesh and 2DGS, we used the Open3D implementation of the TSDF Fusion algorithm to convert depth maps into colored 
3D meshes. We adapted the 2DGS mesh extraction module, adding a depth map smoothing step and tuning the hyperparameters. 
We used the 2DGS+ implementation (Huang et al., 2024) of 2DGS with its bounded mesh extraction module.

In early experiments, we noticed the presence of 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 to the depth maps before TSDF fusion greatly 
improved the mesh reconstruction quality.

After mesh extraction, like GS2Mesh and 2DGS, we used Open3D to clean the mesh by computing mesh clusters, removing 
unreferenced vertices, and degenerate triangles. Unlike GS2Mesh and 2DGS, we discarded all but the largest mesh cluster.

5. Results

Although there are multiple Gaussian Splatting-based methods for 3D mesh extraction of entire scenes, we found GS2Mesh to 
be the only method comparable in its application: mesh extraction for single objects from text-based or click-based prompts with 
optional automation. Additionally, we used it as a starting point to develop our framework. As such, we focus our comparisons 
against it.
10 
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Fig. 8. Example of mask refinement with noise removal (top) and hole filling (bottom): Left: Raw SAM-2 Mask. Middle: Refined Mask. Right: 
masked Image. Regions of interest have been highlighted. Red indicates a region with false positives or false negative pixels, and blue indicates 
a region where the contour was refined and straightened. (For interpretation of the references to color in this figure or legend, the reader is 
referred to the web version of this article.)

5.1. Preliminary experiments

Our preliminary experiments on 3D building mesh extraction from remote sensing images showed that the GS2Mesh 3D 
reconstruction pipeline, which uses DLNR (Zhao et al., 2023), 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 struggled 
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 reconstruction, 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 Fig.  7, 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.

Additional preliminary experiments with 2DGS+ showed that depth maps of certain complex buildings exhibited non-smoothness, 
resulting in poor-quality 3D meshes. We addressed this issue with the simple solution of smoothing the depth map using a 
Gaussian filter. We use the OpenCV implementation, which applies two separate one-dimensional Gaussian filter operations. The 
one-dimensional Gaussian filter kernel is defined as: 

𝐺(𝑥) = 1
√

2𝜋𝜎
𝑒−

𝑥2

2𝜎2 (10)

where 𝜎 is the standard deviation controlling the spread of the blur. The filtered output is obtained through convolution: 

𝑓 ′(𝑥) = (𝑓 ∗ 𝐺)(𝑥) =
𝑘
∑

𝑖=−𝑘
𝑓 (𝑥 − 𝑖)𝐺(𝑖). (11)

Here, 𝑘 defines the kernel radius. We tested various values of 𝜎 and 𝑘 by visually inspecting hole closure in the resulting mesh for all 
our scenes, and chose 𝜎 = 4 and 𝑘 = 15 as the default for GBM. For two-dimensional images, OpenCV uses the separability property 
of the Gaussian function, applying two 1D convolutions, one along each axis: 

𝐼 ′(𝑥, 𝑦) = (𝐺𝑥 ∗ (𝐺𝑦 ∗ 𝐼))(𝑥, 𝑦) (12)

where 𝐺𝑥 and 𝐺𝑦 are 1D Gaussian kernels in the horizontal and vertical directions, respectively. This approach reduces the 
computational complexity from 𝑂(𝑛2) to 𝑂(2𝑛) while preserving the same smoothing effect. An example is shown in Fig.  6. 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.
11 
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Table 2
Comparison of 2D novel view synthesis metrics between Gaussian Splatting modules. 
For each method, the best scene for each score is highlighted in red, the second best 
in yellow, and the worst is in gray. The best average score is bolded.
Building 2DGS+ (in Our Pipeline) 3DGS (in GS2Mesh)

SSIM ↑ PSNR ↑ LPIPS ↓ SSIM ↑ PSNR ↑ LPIPS ↓
Icon 0.9944 37.61 0.0100 0.9886 37.23 0.0162
Canada Parliament 0.9894 35.11 0.0156 0.9321 29.75 0.1076
CN Tower 0.9977 40.01 0.0039 0.9946 42.63 0.0092
Laurel Heights 0.9948 38.13 0.0089 0.9895 38.04 0.0127
Perimeter Institute 0.9950 39.40 0.0080 0.9935 43.93 0.0149
Dana Porter Library 0.9746 32.25 0.0330 0.9923 38.40 0.0109
Townhouse 0.9946 36.82 0.0087 0.9919 39.66 0.0118
Buckingham 0.9919 32.69 0.0118 0.9712 34.88 0.0456
Whitehouse 0.9980 39.99 0.0032 0.9841 35.47 0.0351
Westminster 0.9873 33.81 0.0201 0.9666 33.30 0.0909
Pyramid 0.9974 40.49 0.0038 0.9859 39.55 0.0285
Bath Chancellory 0.9982 42.75 0.0027 0.9811 35.26 0.0310
Colosseum 0.9818 33.39 0.0149 0.9712 33.27 0.0176

Average 0.9919 37.11 0.0111 0.9800 37.03 0.0300

Table 3
Comparison of 3D-SSIM scores between our pipeline and GS2Mesh. For each method, the 
best scene is highlighted in red, the second best in yellow, and the worst is in gray. The 
best average score is bolded.
Building GBM (Ours) 3D-SSIM ↑ GS2Mesh

Average (31 frames) Minimum Average (31 frames) Minimum

Icon 0.9287 0.9158 0.8355 0.8000
Canada Parliament 0.8535 0.8458 0.1462 0.0703
CN Tower 0.9841 0.9771 0.9397 0.9282
Laurel Heights 0.9566 0.9529 0.9427 0.9412
Perimeter Institute 0.9747 0.9726 0.9475 0.9431
Data Porter Library 0.8214 0.8078 0.7054 0.6862
Townhouse 0.9780 0.9749 0.9785 0.9761
Buckingham 0.9138 0.9097 0.8361 0.8166
Whitehouse 0.9100 0.9069 0.4302 0.3616
Westminster 0.8694 0.8662 0.8786 0.8613
Pyramid 0.9559 0.9485 0.7839 0.6899
Bath Chancellory 0.9728 0.9712 0.8068 0.7610
Colosseum 0.9075 0.8930 0.9017 0.8213

Average 0.9251 0.9186 0.7794 0.7428

5.2. Mask refinement

SAM2 masks sometimes included false-positive pixels away from the object of interest. This issue is visible in the left-most 
subfigure of Fig.  8 (top row). This is likely caused by false-positive segmentation due to the presence of a neighboring building’s 
rooftop with a similar shape and color in the original full image. Our 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 observed that this occurred more frequently when 
part of the building exhibited significantly different coloration from the rest of the structure. An example is shown in Fig.  8 (bottom 
row), where the garage roof has a different color. Our mask refinement algorithm was able to complete the mask and refine the 
mask contour.

5.3. View synthesis

Compared to GS2Mesh, we replaced the Gaussian Splatting module in the pipeline, transitioning from the original implementation 
of 3DGS to 2DGS+. As such, we compare the training set novel view synthesis results of 3DGS and 2DGS+ across scenes. We did not 
use the standard MipNeRF-360 convention of a training/testing split (leaving out one out of every eight images). Instead, we trained 
on the entirety of the Google Earth Studio footage, as we wanted smooth coverage of the 360◦ camera rotation for 3D reconstruction 
purposes. The novel view synthesis scores on the training set are provided in Table  2.

For 2DGS+ in our pipeline, we 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.
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Fig. 9. Visualization of 2D novel view synthesis results. Left to Right: 2DGS Ground Truth; 2DGS Sythesized Image; 3DGS Ground Truth; 
3DGS Synthesized Image. We note that 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).

Fig. 10. Visualization of 3D colored mesh results, showcasing imperfections in both methods. Left to Right: Canada Parliament; Dana Porter 
Library; ICON; Laurel Heights; CN Tower. Top row are our results, Bottom row are GS2Mesh results.

On average, we found that 2DGS+ produced higher PSNR, SSIM, and LPIPS scores. 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 Fig.  9 (see the central tower highlighted in the top-right zoom-in). This is 
also reflected in Table  2, where the 3DGS scores for the Canada Parliament scene are significantly lower than for other scenes (see 
Fig.  10).

5.4. 3D building mesh extraction

As shown in Table  3, our building extraction results are superior to GS2Mesh, except 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 of Fig. 
10), where GS2Mesh 3D mesh reconstruction failed due to the significant 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  3. 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  2, 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 
13 
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Table 4
Ablation study on different Gaussian Splatting modules for view synthesis and 3D meshing in our pipeline. Testset 
scores color highlighting: best (red), second-best (yellow).
Additions Train Test 3DSSIM↑

PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ Mean Min 
2DGS (baseline) 34.0 .987 .021 28.5 .954 .045 .876 .865 
SuGaR 35.1 .986 .016 27.5 .943 .042 .693 .650 
GoF 35.4 .989 .014 29.0  .958 .038 .890 .859 
2DGS+Trim 36.4 .992 .011 28.5 .955 .042 .882 .877 
2DGS+Trim+Prog 36.7 .992 .013 28.4 .952 .043 .881 .876 
2DGS+Trim+Prog+Norm 36.8 .992 .013 28.3 .951 .044 .884 .870 
2DGS+Trim+Prog+EANorm* 36.6 .992 .013 28.4 .952 .042 .891 .887 
2DGS+Trim+Prog+EANorm+Appearance 36.7 .992 .013 28.5 .952 .043 .884 .879 
2DGS+Trim+Prog+EANorm+Appearance+60k 38.2 .994 .010 28.2 .949 .045 .867 .863 
2DGS+Trim+Fast+Norm 36.8 .993 .011 28.7 .955 .041 .882 .877 

features and incomplete meshing. Our 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 Fig.  10. However, both GS2Mesh and our method struggled 
with sharp structural elements, such as the top of the CN Tower, as shown in the fifth column of Fig.  10.

5.5. Ablation studies

The Gaussian splatting ablation study is performed on the Westminster Palace scene, comparing GOF (Yu et al., 2024), 
SuGaR (Guédon and Lepetit, 2024), as well as the improvements in 2DGS+ compared 2DGS as a baseline. A mip-NeRF (Barron 
et al., 2021) style training/testing split was used. Both view synthesis and 3D mesh quality assessments are used. As additions to 
2DGS, Trim-Gaussian’s (Fan et al., 2024) and PixelGS’s (Zhang et al., 2024) contribution-based Gaussian pruning is denoted as Trim. 
Progressive propagation from GaussianPro (Cheng et al., 2024) is denoted as Prog. The standard 2DGS normal-based supervision 
is denoted as Norm. The Edge-Aware Normal Supervision from AtomGS (Liu et al., 2024a) is denoted EANorm. The Appearance 
Network from GOF (Yu et al., 2024) is denoted as Appearance. Fast-SSIM from Taming-GS (Mallick et al., 2024) is denoted as 
Fast. Doubled training iteration is denoted as 60k. As shown in Table  4, despite resulting in lower 2D view synthesis scores than 
2DGS+Trim+Fast+Norm and GOF, the 2DGS+Trim+Prog+EANorm module resulted in the highest 3DSSIM score. As such, we use 
it as our Gaussian splatting backbone and dub it ‘‘2DGS+’’. The training view synthesis scores were consistently higher than testing 
view scores, indicating a mild overfitting effect. This effect is often observed for Gaussian Splatting training with low training views. 
As such, we forgo view synthesis scores as a selection criterion for Gaussian splatting modules.

The multi-view Google Earth Studio images do not include ground truth masks. To evaluate the components of our Mask 
Refinement Module, we used the WHU Building Dataset (Ji et al., 2018), a 2D orthoimage dataset with ground truth building-
based semantic segmentation annotations. Because our method is designed for single-object segmentation, we manually selected 50 
patches from the validation set containing only a few buildings. We then implemented single-object Intersection over Union (IoU) 
and Dice score calculations. For a predicted mask 𝑃 , we searched for the best-matching ground truth component 𝐺∗ as a connected 
region in the ground truth mask. The IoU and Dice scores are then given by 

IoU =
|𝑃 ∩ 𝐺∗

|

|𝑃 ∪ 𝐺∗
|.

(13)

Dice = 2|𝑃 ∩ 𝐺∗
|

|𝑃 | + |𝐺∗
|.

(14)

We compared the mean Intersection over Union (mIoU) and mean Dice (mDice) scores for each component of the Mask Refinement 
Module: baseline, erosion only, dilation only, erosion followed by dilation (ED), Ramer–Douglas–Peucker (RDP), and all operations 
combined (ALL), as shown in Table  5. An example scene is shown in Fig.  11. Both the quantitative results and visual inspection 
indicate that RDP contributes the most to mask refinement. However, when combined with morphological operations, the mask 
quality is further improved.

6. Discussions and future research direction

In terms of experiments, for the Dana Porter Library scene (second column of Fig.  10), without user re-prompting, the base of 
the building was masked inconsistently due to the presence of occluding trees, which resulted in messy GS2Mesh reconstruction. 
Instead, for GS2Mesh training on this scene, we found that prompting for the large cubical structure without the first floor and 
the trees resulted in better reconstruction. Our pipeline was able to properly capture the building base along with the surrounding 
trees. For the ICON scene (third column of Fig.  10), without re-prompting, the mask for the second tower and part of the connected 
structure were missing in some frames, resulting in an incomplete reconstruction for GS2Mesh. We note that 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.
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Fig. 11. Ablation study of the Mask Refinement Module on the WHU Building Dataset (Ji et al., 2018), visualized on a representative patch. The 
mask (pink) is overlaid on top of the aerial image. Left to right: Raw SAM Mask, Erosion, Dilation, Erosion → Dilation, Ramer–Peuker–Douglas 
boundary refinement, combined Mask Refinement, and ground truth. (For interpretation of the references to color in this figure or legend, the 
reader is referred to the web version of this article.)

Table 5
Ablation study for mask refinement. Color 
highlighting: best (red), second-best (yel-
low), and baseline (gray).
Mask ablations mIoU mDice

SAM Masks (baseline) 0.7626 0.8518
Erosion 0.4573 0.6068
Dilation 0.5607 0.7019
ED 0.7531 0.8469
RDP 0.8106 0.8858
ALL 0.8298 0.8951

The GS2Mesh failure on the Canada Parliament scene was unexpected. We believe the failure occurred in the 3DGS module, as 
we noticed a significant amount of floaters (Gaussians floating in empty space). We did not attempt further fine-tuning of the 3DGS 
training. These floaters were absent during the 2DGS+ stage in our pipeline, even without additional fine-tuning. Future research 
could enhance the reconstruction of intricate architectural elements, such as the sharp spires observed in the Canada Parliament 
scene. This can be achieved by supporting the TSDF mesh reconstruction with an additional depth estimation component, either 
through a monocular depth estimation model or by integrating point-cloud-based depth estimation into the TSDF framework.

Ethical challenges in automated urban modeling can arise from issues of privacy, consent, representation, and legal restrictions. 
High-resolution 3D reconstructions risk exposing private areas or sensitive sites, raising surveillance and privacy concerns. For 
Google Earth Studio, local data is collected without clear consent from local inhabitants, further complicating privacy concerns. 
Detailed geolocation data, which can be retrieved from the pipeline, can also pose security risks if used maliciously. Moreover, 
geographic biases in Google Earth-based data may lead to unequal representation, favoring well-documented regions while 
neglecting others. Finally, cultural and legal sensitivities must be respected, ensuring compliance with local restrictions and 
protecting culturally significant or legally restricted areas.

Further improvements can be made to the mesh boundary at the building base. Although our method’s mesh boundaries 
improved, we still noticed irregularities and poor-quality meshing at the base of buildings. We suspect that this issue, along with 
the problem of meshing sharp structural elements, can be addressed by further improving building masks, a potential extension to 
this research. Our 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.

Assessing 3D visual quality remains challenging, particularly in the absence of a reliable ground-truth model. The 3D SSIM 
metric has clear limitations, as it was designed for video perceptual quality and is highly sensitive to minor frame misalignments 
that do not affect perceived realism. Future research in 3D quality assessment should emphasize perceptually informed approaches 
that integrate geometric analysis with learned visual similarity models to better capture reconstruction fidelity. Moreover, in our 
experiments, direct 3D geometric evaluation proved impractical due to the lack of dependable reference meshes. Available datasets 
revealed two main obstacles. First, segmentation ambiguity made it unclear which structural regions should be included in the 
reference model, as illustrated by the Colosseum data from Brizi et al. (2024). Such inconsistency caused metrics like Chamfer 
and Hausdorff Distance to measure segmentation differences rather than true geometric accuracy. Second, discrepancies in scale, 
alignment, and orientation between our outputs and reference data produced further distortions. Because of these limitations, we 
postpone full-reference 3D geometric evaluation to future work.

Google Earth Studio offers the advantage of generating dense multi-view images along user-specified poses, making it well-suited 
for Gaussian Splatting. However, despite being free, access to Google Earth Studio requires approval, and its license limits certain 
applications. Drone-based platforms equipped with camera sensors present a strong alternative. Among open-source multi-view aerial 
datasets, SpaceNeT MVOI (Weir et al., 2019) and WHU-TLC (Gao et al., 2021) are reasonable options. Yet, as raw datasets, they 
lack geolocation-based building scene retrieval and provide fewer input image views, limitations that could be addressed through 
further framework development.

Future work could leverage real-time or near-real-time data streams from Google Earth for additional imagery, or from the 
Google Maps Platform for cloud-based GIS data integration, building upon (Gao et al., 2025b) as our ongoing research. This would 
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enable adaptive 3D modeling that reflects evolving environmental and urban conditions, advancing toward practical digital twin 
applications. Another promising direction is the incorporation of dynamic elements such as moving vehicles and vegetation into the 
reconstruction pipeline, enabling temporally consistent and lifelike 4D scene representations.

Our study revealed that the quality and feasibility of 3D reconstruction depends strongly on the coherence of multi-view geometry 
in Google Earth Studio data and less so on image resolution. We found two types of low-resolution scenes, those with coherent 
geometry and those with severe distortions. Our model, like other Gaussian Splatting frameworks, failed in cases where COLMAP 
could not recover accurate camera poses or initialize point clouds under standard models. We suspect that these failures stem from 
Google Earth Studio’s internal rectification process, which works well for low-resolution scenes with sufficient flight coverage, such 
as the White House, but fails in regions with sparse or uneven coverage, such as Arctic research stations or underdeveloped areas. 
This exposes a key limitation of our approach: it assumes consistent geometric relationships and accurate intrinsic calibration across 
views, which may not hold in inconsistently rectified or composited imagery. The entire Gaussian Splatting module fails when these 
assumption fails. This disadvantage is shared across all Gaussian Splatting models that depend on COLMAP initialization. Future 
work should focus on improving robustness to imperfect multi-view inputs by developing adaptive camera models or integrating 
learned priors that can infer geometric consistency even when data coverage is incomplete or distorted.

As another future research direction, we plan to pursue object-level hyperspectral Gaussian Splatting-based reconstruction, 
combining hyperspectral super-resolution models such as (Li et al., 2023, 2024, 2023). This approach will enable high-fidelity 
spectral-spatial reconstruction of complex 3D objects, enhancing material discrimination, vegetation health analysis, and urban 
surface characterization. Such advancements could support applications in remote sensing, precision agriculture, and environmental 
monitoring, where both geometric accuracy and spectral detail are critical.

7. Conclusion

The ability to generate high-quality 3D building models from minimal user input addresses a key need in digital building 
monitoring workflows. We developed a robust pipeline capable of automatically extracting a colored 3D mesh of a building 
using its address, postal code, geographic coordinates, or location name directly. Our pipeline does not require image, video, 
or point cloud data from the user, and instead extracts the data from Google Earth Studio using a building’s name, address, or 
geocoding information. We benchmarked our method against GS2Mesh, which, to the best of our knowledge, is the only comparable 
segmentation-based Gaussian Splatting meshing algorithm publicly available. Our results demonstrate that our approach produces 
significantly higher-quality meshes and is significantly less prone to failure, allowing for automated extraction of the 3D mesh of any 
user-designated buildings given Google Earth image coverage. These capabilities open the door to scalable applications in digital 
twin creation, construction monitoring and automated inspection, disaster monitoring, and many other downstream tasks.
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