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Abstract

The proliferation of continuous Neural Radiance Field (NeRF) and 3D Gaussian Splatting (3DGS) has shifted the paradigm of
3D aerial reconstruction from relying solely on geometric stereo matching to inverse rendering optimization. However, while
these emerging rendering-based frameworks excel in synthesizing photo-realistic novel views, their capability to extract accur-
ate surfaces in complex aerial scenarios remains ambiguous compared to traditional methods. To establish a clearer understanding,
this study presents a comprehensive evaluation of five representative frameworks spanning traditional Structure from Motion (SfM),
purely Signed Distance Field (SDF) representations, unstructured 3D Gaussians, hybrid voxel-Gaussians, and strictly explicit sparse
voxels. By systematically standardizing identical computational environments, inputs, and unified mesh-extraction pipelines on both
real-world airborne LiDAR datasets and synthetic cityscapes, we assess their performance regarding visual fidelity, geometric ac-
curacy, and resource efficiency. The experimental results reveal that while traditional MVS produces the highest overall geometric
precision by strictly enforcing multi-view rigid geometry, it is prone to failures in texture-less regions. Among rendering-based
representations, a fundamental trade-off exists: highly flexible, unstructured 3DGS achieve highest visual scores but degrade the
underlying geometric surfaces; conversely, explicitly structured techniques demonstrate distinct superiority in regularizing topo-
logical coherence and floating artifact suppression. Furthermore, we observe that integrating structured voxels avoids the severe
memory bottlenecks associated with extracting geometries from chaotic unorganized primitives. These empirical findings emphas-
ize that for large-scale aerial photogrammetry, integrating explicit spatial structuralization into differentiable rendering pipelines is

imperative for achieving scalable operations and bridging the geometric accuracy gap with traditional methods.

1. Introduction

3D reconstruction from aerial images represents a long-
standing research topic in photogrammetry, remote sensing and
computer vision (Colomina and Molina, 2014). Traditional
photogrammetric techniques typically entail SfM (Schonberger
and Frahm, 2016) and Multi-View Stereo (MVS) (Schonber-
ger et al., 2016b) to reconstruct textured mesh models. How-
ever, these traditional pipelines fundamentally rely on ro-
bust pixel-wise feature matching and photometric consist-
ency. Consequently, SfM often suffers from feature mis-
matches or camera drift in areas with repetitive patterns or
severe viewpoint variations (Wu, 2013). Furthermore, sub-
sequent MVS algorithms frequently encounter severe match-
ing ambiguities when dealing with non-Lambertian reflective
regions (e.g., glass facades), texture-less surfaces (e.g., wa-
ter bodies and roofs), and topologically complex or thin struc-
tures, inevitably leading to incomplete point clouds and distor-
ted meshes (Schonberger et al., 2016a).

On the other hand, the proliferation of downstream applications
such as augmented reality, virtual reality, digital twins (Shahat
et al.,, 2021), and autonomous driving simulation (Li et al.,
2023a) has shifted the objective of 3D reconstruction from
solely pursuing high geometric accuracy to achieving models
with both high-fidelity rendering quality and structural preci-
sion. Consequently, the photogrammetry and remote sensing
community is increasingly focusing on these dual objectives (Li
et al., 2025b, Liu and Qin, 2026).

Emerging novel 3D representations, such as NeRF (Milden-
hall et al., 2021) and 3DGS (Kerbl et al., 2023), offer altern-
ative, rendering-based frameworks to traditional MVS meth-
ods. These approaches typically rely on SfM to provide ac-
curate camera poses and initial point clouds, with a core loss
function that minimizes the difference between rendered and
observed images. Currently, NeRF and 3DGS are widely ad-
opted for tasks including novel view synthesis, surface recon-
struction (Wang et al., 2021), localization (Yan et al., 2024),
and autonomous driving simulation (Zhou et al., 2024) due to
their ability to generate high-fidelity rendered novel views and
perform pixel-wise optimization. However, although these un-
constrained representations excel in rendering, their lack of spa-
tial regularization often leads to geometric degradation, such as
floating artifacts in occluded or few-view regions.

To bridge this gap and embed physical geometric priors into
the differentiable rendering pipeline, subsequent research has
explored structured representation paradigms. By anchoring
learnable features or Gaussian primitives to discrete spatial
grids, recent advancements like hybrid voxel-Gaussian scaf-
folds (Lu et al., 2024) and explicit sparse voxels (Sun et al.,
2025). These structured models present distinct advantages in
regularizing geometric coherence and reducing structural am-
biguities. However, the exact impact of such spatial structur-
alization on resolving the trade-off between rendering fidelity
and geometric integrity remains under-explored in the context
of large-scale aerial photogrammetry.
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To address this gap, this study systematically compares these
emerging representations in the context of aerial photogram-
metry. We evaluate five representative methods employing dis-
tinct 3D representations in terms of visual quality, geometric
accuracy, computational efficiency, and resource consumption.
The experimental design encompasses challenging real-world
scenarios and diverse ground features, including texture-less
areas (e.g., water bodies), topologically complex and thin struc-
tures, and highly occluded regions (e.g., roads between dense
high-rise buildings). Furthermore, we provide an in-depth ana-
lysis revealing the fundamental trade-offs between rendering
flexibility and rigid geometric accuracy, empirically demon-
strating that explicit spatial structuralization is strictly neces-
sary to bridge the geometric gap with traditional MVS and mit-
igate catastrophic memory bottlenecks during mesh extraction.

2. Related Work

The standard digital photogrammetry pipeline is predominantly
driven by SfM and MVS algorithms. Initially, SfM techniques
extract and match robust 2D image features across overlapping
aerial images. Through bundle adjustment, SfM simultaneously
estimates accurate camera intrinsic and extrinsic parameters
alongside a sparse 3D point cloud of the scene (Schonberger
and Frahm, 2016). Following camera orientation, MVS al-
gorithms are employed to densify the initial 3D geometry. Tra-
ditional MVS methods rely heavily on the principle of pho-
tometric consistency, searching for corresponding pixels or
local patches across multiple views to estimate dense depth
maps (Schonberger et al., 2016b). Foundational algorithms
such as Semi-Global Matching (SGM) (Hirschmuller, 2008)
and PatchMatch Stereo (Bleyer et al., 2011) have significantly
advanced the field.

The introduction of NeRF (Mildenhall et al., 2021) and
3DGS (Kerbl et al., 2023) revolutionized 3D reconstruction
by shifting the paradigm towards inverse rendering. By en-
coding complex scenes within the weights of Multilayer Per-
ceptrons (MLPs) and employing differentiable volume render-
ing, NeRF achieves unprecedented novel view synthesis. By
utilizing anisotropic 3D Gaussians and tile-based differentiable
rasterization, 3DGS circumvents the computationally expens-
ive ray-marching of NeRF, achieving real-time rendering and
significantly faster training convergence. However, the fields of
remote sensing and photogrammetry place a critical emphasis
on accurate geometric reconstruction (Colomina and Molina,
2014). Therefore, the remainder of this section briefly reviews
related research on NeRF- and 3DGS-based surface reconstruc-
tion methods.

Early NeRF and 3DGS models represented scenes as semi-
transparent density fields or unstructured ellipsoids, making it
fundamentally challenging to extract crisp, watertight geomet-
ric surfaces. To address this, recent advancements have focused
on embedding geometric priors into rendering-based represent-
ations. For NeRF-based methods, a major breakthrough was
substituting raw volume density with Signed Distance Fields
(SDFs) (Wang et al., 2021, Yariv et al., 2021), which culmin-
ated in highly detailed surface reconstruction frameworks like
Neuralangelo (Li et al., 2023b). Concurrently, to extract expli-
cit meshes from the disordered point clouds of 3DGS, research
has explored flattening Gaussians into 2D disks (Huang et al.,
2024), binding them to surfaces (Guédon and Lepetit, 2024), or
introducing planar constraints (Chen et al., 2024). Furthermore,
expanding beyond point-based and planar priors, approaches

like GeoSVR (Li et al., 2025a) propose a voxel-like represent-
ation that explicitly structures the 3D space, achieving accurate
surface extraction by constraining sparse voxels while still re-
taining alpha-blending mechanisms for rendering.

Despite these advancements, a comprehensive evaluation of
these novel representations in the context of aerial photogram-
metry, which demands a strict balance between high-fidelity
rendering and precise macroscopic geometry, remains an open
research question. This study aims to fill this gap by systemat-
ically comparing representative methods from these emerging
3D paradigms under challenging real-world scenarios.

3. Method

To systematically evaluate various 3D representations for aerial
photogrammetry, we establish a unified evaluation framework.
This section describes the selected representations and the pro-
cedures for geometric reconstruction.

3.1 Selected 3D Representations

To comprehensively evaluate the performance of emerging 3D
scene representations in aerial photogrammetry, we select four
representative methods: Neuralangelo (NeRF-based) (Li et al.,
2023b), PGSR (3DGS-based) (Chen et al., 2024), CityGS-
X (hybrid voxel-Gaussian) (Gao et al., 2025), and GeoSVR
(voxel-based) (Li et al., 2025a). These methods are selected not
only because they represent the state-of-the-art (SOTA) for sur-
face reconstruction within their respective paradigms, but also
because they constitute a deliberate spectrum of varying spa-
tial structuralization. They are compared against the industry-
standard commercial software, iTwin Capture Modeler (Bent-
ley Systems, 2024), which serves as a traditional photogram-
metric baseline.

Neuralangelo (Li et al., 2023b) is a state-of-the-art NeRF-based
approach to reconstruct with high geometric accuracy. It rep-
resents the scene as a continuous SDF encoded within a multi-
resolution hash encoding and a lightweight MLP. The SDF-
based representation allows for the extraction of high-quality,
watertight meshes via the marching cubes algorithm (Lorensen
and Cline, 1987). It leverages numerical gradients to supervise
the Eikonal loss, theoretically enabling the recovery of fine-
grained geometric details from multi-view images. However,
its global implicit nature often faces challenges in converging
across large-scale aerial scenes.

Standard 3DGS (Kerbl et al., 2023) represents the scene using
a collection of millions of completely unstructured, anisotropic
3D Gaussians. PGSR (Chen et al., 2024), a leading method for
Gaussian-based surface extraction, introduces the first level of
structuralization. It flattens Gaussians into disk-like structures
and introduces geometric regularization that aligns them with
local surface geometry. By rendering and supervising unbiased
depth maps, PGSR bridges the gap between unstructured point
clouds and coherent surfaces, making it particularly effective
for reconstructing the sharp edges and flat facades common in
urban environments.

We select CityGS-X (Gao et al., 2025) as the representative of
the hybrid voxel-Gaussian paradigm. It utilizes a spatial par-
titioning strategy where Gaussians are anchored and managed
within a voxel-based octree structure. This hybrid approach is
designed to address the memory and optimization bottlenecks

This contribution has been peer-reviewed.
https://doi.org/10.5194/isprs-archives-XLIX-B2-2026-367-2026 | © Author(s) 2026. CC BY 4.0 License. 368



The International Archives of the Photogrammetry, Remote Sensing and Spatial Information Sciences, Volume XLIX-B2-2026
XXV ISPRS Congress 2026 “From Imagery to Understanding”, Commission Il, 4—11 July 2026, Toronto, Canada

CityGS-X PGSR Neuralangelo

GeoSVR

5
-
2w
=2
Y
O
=Q
£ =
=

Sub-Small Cit

Mesh Model Rendered Image

Figure 1. Comparison of reconstructed results employing different 3D representations.

of standard 3DGS when dealing with vast cityscapes. In our
evaluation, it serves as a intermediate baseline to determine if a
hybrid architecture can combine the flexibility of unstructured
Gaussians with the regularity of strict voxel grids.

GeoSVR (Li et al., 2025a) represents the most strictly struc-
tured explicit representation in our evaluation. It employs a
purely voxel-based geometry, where the scene is discretized
into a sparse voxel octree. The structured representation ex-
plicitly defines the occupancy and volume density within each
predefined cell. As a SOTA volumetric approach optimized for
modern differentiable rendering, GeoSVR incorporates strong
geometric priors to constrain the surface strictly within sparse
voxels. By comparing these methods, we aim to systematically
reveal how increasing degrees of spatial structuralization im-
pact the quality of surface reconstruction in complex, occluded
urban scenes.

3.2 Standardized Reconstruction Pipeline

To ensure a fair and rigorous evaluation across the diverse
3D representations, we establish a standardized reconstruction
pipeline. The core principle is to isolate the inherent capab-
ilities of the representations from algorithmic implementation
biases by providing all methods with identical initial conditions
and unifying the final output format.

Data Preparation and Initialization: All selected methods are
fed with the exact same set of input images and intrinsics and
extrinsics. We select both the real-world dataset GauU-Scene
V2 (Xiong et al., 2024) and the synthetic dataset MatrixCity (Li
et al., 2023a). For GauU-Scene V2, we process the multi-view
images using the standard SfM pipeline via COLMAP to estim-
ate camera poses and generate a sparse point cloud. For Matrix-
City, we directly utilize the ground-truth camera poses recorded
during the simulation engine’s rendering process, which effect-
ively isolates the geometric evaluation from potential errors in-
duced by intrinsic and extrinsic inaccuracies.

Following pose estimation, the 3D scene representations are
initialized. The explicit methods (PGSR, CityGS-X, and
GeoSVR) are initialized using the identical sparse 3D point
cloud generated by COLMAP. For MatrixCity, we fix the
known intrinsics and extrinsics, and perform feature extrac-
tion, feature matching, and triangulation to simulate how sparse
point clouds are realistically obtained in practical 3D recon-
struction pipelines. In contrast, Neuralangelo is initialized
within a normalized bounding sphere that encapsulates the en-
tire scene. Each representation is then optimized according to
its specific loss functions and regularization strategies to min-
imize photometric errors against the observed images.

Surface Mesh Extraction: Given that high-fidelity macro-
scopic geometry is a primary objective in photogrammetry, we

This contribution has been peer-reviewed.
https://doi.org/10.5194/isprs-archives-XLIX-B2-2026-367-2026 | © Author(s) 2026. CC BY 4.0 License. 369



The International Archives of the Photogrammetry, Remote Sensing and Spatial Information Sciences, Volume XLIX-B2-2026
XXV ISPRS Congress 2026 “From Imagery to Understanding”, Commission Il, 4—11 July 2026, Toronto, Canada

s

‘P

(D) Neuralangelo

. e i
(B) CityGS-X

(C) GeoSVR

(E) iTwin Capture Modeler

Figure 2. Overview of the reconstruction results on Sub-Small City.

extract 3D triangular meshes from the optimized models. Due
to the fundamental structural differences among the representa-
tions, we employ two distinct surface extraction strategies:

e Direct Extraction for Implicit SDFs: For Neuralangelo,
the geometric surface is intrinsically defined as the zero-
level set of its learned SDF. We directly apply the march-
ing cubes algorithm (Lorensen and Cline, 1987) to SDF at
a high volumetric resolution to extract a surface mesh.

e TSDF Fusion for Explicit Representations: Meth-
ods based on 3D Gaussians and explicit voxels (PGSR,
CityGS-X, GeoSVR) do not inherently define a glob-
ally continuous mathematical surface. To bridge this
gap, we adopt a unified depth-fusion approach. First,
we render multi-view dense depth maps from the optim-
ized 3D Gaussians or voxel grids at the original camera
poses. These rendered depth maps are subsequently fused
into a global Truncated Signed Distance Function (TSDF)
volume (Curless and Levoy, 1996). Finally, the marching
cubes algorithm is applied to the TSDF volume to compre-
hensively reconstruct the explicit surface mesh.

This unified mesh extraction protocol ensures that despite the
derived geometric models of different underlying data struc-
tures can be quantitatively compared against ground-truth data
and the commercial photogrammetric baseline on equal footing.

4. Experimental Setup
4.1 Dataset

Experiments were conducted on the real-world GauU-Scene
V2 (Xiong et al., 2024) and the synthetic MatrixCity (Li et al.,
2023a) datasets. GauU-Scene V2 dataset is a large-scale, real-
world aerial photogrammetry dataset. Crucially, It provides
high-precision airborne LiDAR point clouds, which serve as
the absolute ground truth for our geometric evaluation. To
manage computational burden and focus on reconstruction cap-
abilities, we selected 301 images and 600 images from ‘Vil-
lage’ and ‘Technology College’ of GauU-Scene, namely ‘Sub-
Village’ and ‘Sub-Technology College’. The ‘Sub-Village’
scene features low-rise buildings with vegetation, while The
‘Sub-Technology College’ includes a body of water surrounded
by complex structures, testing the methods’ ability to recon-
struct texture-less surfaces and thin features.

The synthetic MatrixCity dataset provides exact ground-truth
camera poses directly from the simulation engine. We selec-
ted 986 images from ‘Small City’, namely ‘Sub-Small City’.
It contains dense high-rise buildings whose mutual occlusion
poses challenges for rendering-based methods.

4.2 Evaluation Metrics

We assess the performance of these methods across three
primary dimensions: visual quality, geometric accuracy, and
computational efficiency.
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Visual Metrics

Geometric Metrics (m)

Methods

PSNR{ SSIM{T LPIPS| MEA| RMSE]
iTwin Capture Modeler 0.574 0.988
Neuralangelo 24.65 0.686 0.404 0.796 1.196
PGSR 28.37 0.886 0.174 0.733 1.076
CityGS-X 27.78 0.883 0.150 0.730 0.964
GeoSVR 26.52 0.852 0.172 0.713 0.975

Table 1. Quantitative comparison of different methods. The best results are highlighted in bold.

Geometric Accuracy: Accurate geometry is the core object-
ive of aerial photogrammetry. We compute the explicit dis-
tance between the reconstructed meshes and the ground-truth
point clouds (LiDAR for GauU-Scene V2, and simulation GT
for MatrixCity). The geometric deviations are aggregated us-
ing Mean Absolute Error (MAE) and Root Mean Square Er-
ror (RMSE). MAE calculates the average absolute distance
between the reconstructed surface and the ground truth, reflect-
ing the overall reconstruction precision. RMSE calculates the
square root of the average squared distances. RMSE heavily
penalizes large local deviations, making it particularly effective
for identifying outliers, floating artifacts, or severe topological
failures in the reconstructed models.

Visual Quality: We reserve 5% of images from each dataset as
a test set. The visual fidelity of the rendered images from the
optimized models is evaluated against the ground-truth images
using Peak Signal-to-Noise Ratio (PSNR), Structural Similar-
ity Index (SSIM) (Wang et al., 2004), and Learned Perceptual
Image Patch Similarity (LPIPS) (Zhang et al., 2018).

Computational Efficiency: For practical applications in large-
scale mapping, efficiency is critical. We record the total recon-
struction time and monitor the peak GPU memory and CPU
memory consumption during training.

4.3 Implementation Details

All experiments, including the neural and Gaussian-based
methods, are conducted on a unified hardware platform
equipped with NVIDIA RTX 4090 GPUs and 512 GB of sys-
tem RAM. All images are downsampled with the long side res-
ized to 1600 pixels following the default settings. The final
reconstructed meshes are extracted at a consistent resolution to
ensure comparability in geometric evaluation.

5. Results

5.1 Qualitative Evaluation

A qualitative evaluation through Figures 1, 2, and 3 intuitively
reveals the distinct advantages and critical flaws of each rep-
resentation. Specifically, Figure 1 compares fine geometric de-
tails, Figure 2 demonstrates the structural performance at scene
boundaries and few-view areas in gaps between buildings, and
Figure 3 illustrates the photometric fitting capabilities using a
pixel intensity profile in regions with intense illumination.

The traditional MVS pipeline, iTwin Capture Modeler, provides
a generally stable baseline but experiences evident matching
failures in texture-less regions, manifesting as severe holes over
textureless areas like water bodies in Figure 2(E). Conversely,
Neuralangelo, representing the global implicit SDF paradigm,
struggles significantly in extensive aerial scenarios. While its
renderings are noticeably blurry and extracted meshes appear
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Figure 3. Rendering results and intensity profile comparison.
The bottom subplot shows the pixel intensity extracted along the
yellow line, demonstrating that GeoSVR exhibits higher
brightness, whereas PGSR closely matches the Ground Truth.

bloated and melted, as shown in Figure 1. Figure 2(D) demon-
strates that the entire normalized space is filled with chaotic
noise. In unobserved areas lacking multi-view supervision,
such as scene boundaries, the global MLP produces entirely
random geometric predictions.

Benefiting from the immense degrees of freedom inherent in
unconstrained 3DGS, PGSR achieves unparalleled detail pre-
servation. It excels at reconstructing fine structures and sharp
edges, as shown in Figure 1. Furthermore, as demonstrated in
Figure 3, PGSR easily handles regions with drastic color and
illumination changes. It seamlessly fits these complex photo-
metric variations by dynamically densifying and spawning new
Gaussians. However, this extreme flexibility induces severe
geometric degradation in less constrained areas. First, at scene
boundaries where images are inherently few, as seen in Fig-
ure 2(A), the lack of multi-view constraints causes PGSR to
generate massive amounts of chaotic floaters. Second, this
phenomenon is exacerbated on the facades of densely packed
high-rise buildings, highlighted by the red boxes in Figure
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Time Consumption (Min) J

GPU Num

Method . ..
Reconstruction  Mesh Extraction |1 11ining
iTwin Capture Modeler 132.67 —_—
Neuralangelo 4539.33 6.50 4
PGSR 245.67 30.00 1
CityGS-X 327.33 21.53 1
GeoSVR 104.00 8.27 1

Table 2. Comparison of computational efficiency. The best results among rendering-based methods are highlighted in bold.

Reconstruction Resource (GB) |  Mesh Extraction Resource (GB) |

Method

RAM GPU Memory RAM GPU Memory
Neuralangelo  116.99 23.22 53.09 20.75
PGSR 86.55 19.17 146.95 12.90
CityGS-X 74.75 21.00 69.29 16.65
GeoSVR 91.01 22.81 94.57 7.72

Table 3. Comparison of peak resource consumption. The best results are highlighted in bold.

1. This specific facade failure stems from two compounding
factors: building boundaries and narrow gaps are frequently
occluded in aerial multi-view images and have limited pro-
jection areas, leading to insufficient photometric supervision;
moreover, for high-rise buildings, the upper facades are closer
to the drone cameras, causing the 3D Gaussians to project over
a larger pixel area in the images. During the pixel-wise gradi-
ent back-propagation, these Gaussians accumulate excessively
large gradients, triggering abnormal densification and destroy-
ing the underlying geometric structure. Lacking spatial reg-
ularization, pure 3DGS overfits 2D training views, sacrificing
foundational 3D structure.

Methods incorporating explicit spatial structures, namely
CityGS-X and GeoSVR, present different trade-offs. Benefit-
ing from rigid voxel constraints, GeoSVR suppresses floaters,
yielding the cleanest geometry and best structural complete-
ness at scene boundaries and narrow gaps, as depicted in Figure
2(C). However, CityGS-X exhibits two limitations indicating an
imbalance in geometric constraints: firstly, sharp edges and fine
structural details of buildings are overly smoothed out, losing
crisp corners; secondly, smooth and texture-less surfaces fail
to reconstruct evenly, producing erroneous holes, documented
in Figure 1. Furthermore, the rigid constraints of GeoSVR
significantly limit its photometric capacity. As illustrated in
Figure 3, the building roof exhibits complex reflective proper-
ties. While PGSR successfully reproduces accurate color and
brightness, GeoSVR suffers from overexposure and a whitish
tint in these regions. This color shift is quantitatively validated
by the intensity profile extracted along the yellow line. The
profile demonstrates that the pixel intensity curve of GeoSVR
is consistently higher than that of the Ground Truth, whereas
PGSR closely aligns with the Ground Truth. The localized
PSNR/SSIM metrics annotated in the figure further corroborate
this performance gap. This deficiency in GeoSVR occurs be-
cause its primitive properties are bound to the vertices of voxel;
unlike PGSR, it cannot dynamically spawn or adjust a massive
number of local primitives to forcibly fit high-frequency illu-
mination changes or dense grid-like textures, resulting in poorer
color fidelity and blurred artifacts. Nevertheless, it must be
noted that such an excessive proliferation of Gaussian primit-
ives, while maximizing photometric scores, acts as a double-
edged sword, inevitably coming at the severe cost of underlying
geometric accuracy as discussed in last paragraph.

5.2 Quantitative Analysis

Table 1 presents the quantitative evaluation of the visual and
geometric performance of the evaluated methods. Consistent
with the qualitative observations, the results highlight a distinct
trade-off between photometric fitting and geometric accuracy
among emerging 3D representations.

In terms of geometric accuracy, the traditional photogrammetric
baseline, iTwin Capture Modeler, achieves the lowest Mean Ab-
solute Error, or MAE, of 0.574 m, demonstrating the robustness
of traditional MVS in preserving the overall scene geometry.
This superior accuracy stems from MVS strictly relying on ri-
gid multi-view geometric constraints and Epipolar geometry; in
areas with abundant textures and sufficient overlap where im-
age matching succeeds, it produces the most precise geometric
measurements. However, as noted in Section 5.1, this reliance
causes severe failure in texture-less regions. Among the novel
rendering-based methods, representations with explicit spatial
structuralization perform significantly better. GeoSVR achieves
an MAE of 0.713 m, while CityGS-X achieves the lowest Root
Mean Square Error, or RMSE, of 0.964 m. The stricter spatial
constraints inherent in voxel-based and hybrid representations
effectively regularize the reconstruction, reducing severe local
deviations and floaters. Conversely, the purely implicit Neur-
alangelo struggles to converge on large-scale aerial scenes, res-
ulting in the highest geometric errors with an RMSE of 1.196 m.

For visual quality, methods based on 3DGS demonstrate a clear
advantage. PGSR achieves the highest PSNR of 28.37 and an
SSIM of 0.886, while CityGS-X attains the best LPIPS score
of 0.150. The immense degrees of freedom provided by un-
structured Gaussians enable these methods to flawlessly overfit
complex photometric variations, such as the view-dependent re-
flections on building roofs discussed in Section 5.1. However,
this extreme photometric flexibility often comes at the cost of
underlying structural integrity. As evident in the geometric met-
rics, the superior 2D rendering scores of PGSR do not translate
to the best 3D geometry.

This inherent conflict between geometric accuracy and render-
ing fidelity has been widely observed in recent studies (Fu et
al., 2022, Chen et al., 2024). A fundamental cause of this phe-
nomenon lies in the standard rendering formulation: both geo-
metric depth rendering and radiance, or color, accumulation are
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governed by the same density or opacity variable, denoted as o
or . However, the density distribution required to optimally fit
complex view-dependent appearances and high-frequency tex-
tures is not necessarily aligned with the strict physical solid
geometry. Treating them as strictly equivalent often leads to
structural ambiguities. This precise issue was identified in the
NeRF domain by NeuS (Wang et al., 2021), which proposed
an unbiased formulation to extract density from an SDF to bet-
ter align the volume rendering opacity with the true underlying
surface. Nevertheless, gracefully decoupling and balancing ap-
pearance and geometry for emerging explicit representations in
large-scale aerial scenarios remains an open challenge.

5.3 Computational Efficiency and Resource Consumption

Tables 2 and 3 detail the computational efficiency and resource
requirements, which are critical for practical large-scale map-
ping applications. Regarding time consumption detailed in
Table 2, GeoSVR demonstrates remarkable efficiency, complet-
ing the reconstruction in 104 minutes and mesh extraction in
just 8.27 minutes, surpassing even the traditional iTwin Cap-
ture baseline of 132.67 minutes. This highlights the compu-
tational benefits of sparse voxel structures in ray tracing and
optimization. In contrast, while 3DGS methods render quickly,
their surface reconstruction variations, which involve complex
regularizations, are time-consuming, with PGSR taking 245.67
minutes and CityGS-X taking 327.33 minutes. Neuralangelo,
representing the implicit paradigm, is computationally prohib-
itive for practical production, requiring over 4500 minutes even
with 4 GPUs.

Memory consumption, presented in Table 3, reveals further op-
erational bottlenecks. During reconstruction, Gaussian-based
methods, namely PGSR and CityGS-X, maintain relatively low
GPU memory profiles of approximately 19 to 21 GB. However,
a critical bottleneck emerges during the mesh extraction phase
for unstructured Gaussians. PGSR experiences a massive surge
in system RAM of 146.95 GB due to the demanding TSDF fu-
sion process. This is because the unconstrained optimization
of massive, unstructured Gaussians generates noisy and com-
plex depth maps, which forces the subsequent volumetric fu-
sion to process and integrate a vast number of conflicting sur-
face hypotheses, thereby consuming excessive memory. Con-
versely, methods that inherently maintain a spatial structure,
specifically GeoSVR and CityGS-X, exhibit excellent light-
weight characteristics during mesh extraction. GeoSVR re-
quires only 7.72 GB of VRAM, and CityGS-X consumes the
lowest system memory at 69.29 GB. These structured represent-
ations produce cleaner, more coherent depth or density fields,
making them fundamentally more amenable to direct surface
extraction and avoiding the memory-intensive overhead of fus-
ing unstructured predictions.

6. Conclusion

This paper presents a comprehensive evaluation of emerging
3D scene representations, spanning purely implicit NeRFs, un-
structured 3D Gaussians, hybrid voxel-Gaussians, and expli-
cit sparse voxels, against traditional baselines for aerial pho-
togrammetry. Through rigorous experiments on both syn-
thetic and real-world urban datasets, our findings reveal dis-
tinct characteristics among algorithmic paradigms. Traditional
pipelines, governed by rigid multi-view epipolar geometry, con-
tinue to provide the highest macroscopic geometric accuracy

when pixel-wise matched correctly, yet are vulnerable to fail-
ure in weakly textured or transparent regions. The emerging
differentiable-rendering representations complete surfaces in
such challenging regions via view-synthesis constraints, but ex-
hibit an internal trade-off between photometric rendering fidel-
ity and geometric structural integrity.

Within these novel representations, unstructured 3DGS meth-
ods excel at fitting complex view-dependent appearances and
high-frequency textures, achieving the highest visual metrics.
However, their unconstrained nature leads to severe structural
degradation, generating noisy geometric outliers, especially in
less supervised or highly occluded areas. Conversely, expli-
citly structured representations, particularly voxel-based ap-
proaches, demonstrate superior robustness in preserving global
topological coherence and extracting clean, watertight geomet-
ric surfaces. Furthermore, from an operational perspective, ex-
plicit spatial structures significantly reduce computational bot-
tlenecks during the critical mesh extraction phase, vastly im-
proving processing speeds and lowering peak RAM consump-
tion. In conclusion, for practical large-scale aerial photogram-
metry mapping, optimizing solely for 2D novel view synthesis
metrics is insufficient and often detrimental to the underlying
3D geometry. To harness the benefits of inverse rendering
while bridging the precision gap with traditional MVS, impos-
ing explicit spatial regularization is crucial. Future research
should prioritize developing unified paradigms that elegantly
decouple rendering opacity from solid geometry, striving to
achieve photo-realistic rendering without compromising the ri-
gid macroscopic accuracy of the foundational 3D structure.
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