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Abstract

High-resolution 3D documentation of cultural heritage sites is essential for their preservation. While terrestrial laser scanning
(TLS) remains the gold standard, it is often cost-intensive compared to photogrammetry. This study evaluates three image-based
reconstruction techniques, Multi-View Stereo (MVS), Neural Radiance Fields (NeRF) and 3D Gaussian Splatting (3DGS), by
applying them to a complex scene featuring a chapel and its surrounding vegetation, sensed from an uncrewed aerial vehicle (UAV).
A hybrid TLS/MVS model provides a high-accuracy reference. Using identical interior and exterior camera parameters of the 105
UAV-acquired images, we generate dense point clouds with all methods and assess geometric accuracy and completeness using the
M3C2 algorithm. Results show that MVS achieves superior accuracy (standard deviation of all M3C2 distances: MVS = 0.11 m,
NeRF = 0.15 m), whereas NeRF attains up to 20% higher completeness, particularly in low-texture and vegetation-occluded regions.
The 3DGS point cloud was deemed too sparse and was therefore not used for further analysis. The study highlights the potential of
NeRFs to recover partially occluded or sparsely textured geometries that are challenging for MVS and suggests a complementary
use of both approaches for cost-efficient documentation of cultural heritage.

1. Introduction

The precise documentation of cultural heritage sites represents
an important task, essential for preserving cultural memory.
Over the past decade, numerous historical sites have been three-
dimensionally recorded and archived using geodetic methods
(Aicardi et al., 2018). Especially in alpine regions, many of
these sites are increasingly threatened due to the effects of cli-
mate change, as gravitational mass movements such as land-
slides, slope failures, debris flows, and rockfalls in the Alps
are becoming more frequent and severe (Huggel et al., 2012).
These hazards threaten such sites both directly, as the ground
on which the structures stand may shift and cause structural
damage, and indirectly, through the risk of being buried by un-
stable terrain located above them. To effectively document and
monitor these areas and structures, the acquired 3D surface data
must meet two key criteria: Firstly, a high-resolution, geomet-
rically accurate point cloud with quantified uncertainty to de-
tect small deformations (Winiwarter et al., 2021), and secondly,
high completeness to guarantee that the entire structure is cap-
tured for archival documentation. The reconstructed 3D model
can then also be used for modern structural analysis with finite
element methods (Gonizzi Barsanti et al., 2022) or visualiza-
tion frameworks such as extended reality applications (Teruggi
et al., 2021). One of the challenges is to combine the disciplines
of geodetic monitoring and documentation of cultural heritage
within a unified methodological framework.

In most cases, terrestrial laser scanning (TLS) or mobile laser
scanning (MLS) are the technologies of choice to acquire such
data, as they deliver reliable 3D surface models (Irwin et al.,
2025). However, the instruments are expensive, motivating the
development of more cost-effective approaches. In recent years,
unmanned aerial vehicles (UAVs) with cameras have become
significantly more affordable and thus represent a viable al-
ternative for monitoring alpine infrastructures and terrain. To
bridge the quality gap between laser scanning and photogram-
metry and to enable faster and more cost-efficient data acquis-
ition, a promising approach has recently emerged. Instead

of relying solely on classical photogrammetric algorithms, 3D
scenes can now be reconstructed using radiance-field-based
methods. This approach offers the potential to optimize the re-
construction difficulties in regions with poor structure or move-
ment of objects between images.

Radiance field techniques have rapidly risen to prominence in
computer vision research and are now being more and more
adopted in engineering disciplines. Classical photogrammet-
ric reconstruction algorithms, most notably Multi-View Stereo
(MVS) (Furukawa and Ponce, 2007), suffer from pronounced
limitations when applied to alpine environment: Low-texture
surfaces and sparsely discretized vegetation impede reliable 3D
reconstruction. In contrast, point clouds generated from Neural
Radiance Fields (NeRFs) (Mildenhall et al., 2021) often exhibit
higher completeness (Schulte et al., 2025). The advantage of
NeRFs lies in their implicit geometry representation. This ap-
proach effectively captures fine-scale, sub-pixel geometries and
adeptly models dynamic elements (like water surfaces or mov-
ing vegetation) and texture-less regions present in the images
the NeRF is trained on (Remondino et al., 2023). NeRFs also
outperform MVS in texture-poor scenarios and have a higher
robustness when vegetation occlusion appears in the images
(Petrovska and Jutzi, 2025).

This study therefore investigates the performance of radiance-
field-based point clouds, like NeRFs and 3D Gaussian Splat-
ting (3DGS) (Kerbl et al., 2023), compared to classical MVS
point clouds. For this purpose, a – from a photogrammetric
perspective complex – scene was selected in which the accur-
acy and completeness of both radiance-field-based and classical
approaches are evaluated against a TLS reference point cloud.
Although the scene is not complex in terms of its materials,
some areas are difficult to see clearly in multiple images, and
there are moving vegetation elements present. Therefore, it is
likely that MVS will have difficulties in reconstructing these
areas.

The focus of this study lies on geometry extraction in a real-
istic surveying application, where the exported 3D geometry,
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rather than 2D view synthesis is the primary object of investig-
ation. In the recent literature, several studies have examined the
use of radiance fields to reconstruct geometry of objects that
are related to cultural heritage. However, works such as Yan
et al. (2025) and Billi et al. (2025) employ NeRFs for the re-
construction of small objects, which is not directly comparable
to the acquisition of an entire building. Other studies, includ-
ing Xiang et al. (2025) and Condorelli et al. (2021), reconstruct
comparable scenes using radiance fields, but without validat-
ing them against a reference measurement, which allows only
limited conclusions regarding reconstruction quality. Clini et
al. (2024), in contrast, conducted a more comparable study in
which a church was surveyed using a DJI Mavic Mini UAV.
The evaluation was performed using MVS, NeRF, and 3DGS
and was geometrically assessed against a TLS reference. How-
ever, only a single facade was considered, and no occlusions
were present. Our article focuses in particular on a challenging,
realistic scenario, such as those often encountered with many
properties in rural areas where the buildings are occluded by
vegetation or other buildings. Moreover in Clini et al. (2024),
completeness of the reconstruction was not assessed in this re-
search, although previous studies suggest that NeRFs may offer
an advantage by producing more complete, albeit less accurate,
scene reconstructions (Schulte et al., 2026).

Another possibility to test radiance-fields-based workflows
would have been the use of existing benchmarks such as Tanks
and Temples (Knapitsch et al., 2017) or NeRFBK (Yan et al.,
2023). However, these are computer-vision-oriented scenes that
do not meet surveying standards. On the one hand, they typ-
ically rely on smartphone cameras, whose geometric imaging
quality does not match that of sensors commonly used in pho-
togrammetry, which limits their transferability to surveying ap-
plications. On the other hand, the data is not georeferenced.

Therefore, this contribution presents a newly acquired dataset
and a surveying-grade georeferencing pipeline to process high-
resolution georeferenced data. The geometric evaluation is car-
ried out on an entire chapel including the surrounding vegeta-
tion, using a high-precision TLS measurement as reference.

2. Methodology

In this section, the fundamentals of the employed reconstruc-
tion techniques are presented. Section 2.1 gives an overview
of the Structure-from-Motion (SfM) workflow. Following this,
the dense point cloud generation using MVS is described in
Section 2.2, the implicit radiance-field-based approach using
NeRFs in Section 2.3, and the explicit point-based rendering
via 3DGS in Section 2.4.

2.1 Image orientation and alignment

SfM is employed to determine the internal and external ori-
entation parameters of a camera necessary for 3D reconstruc-
tion (Schönberger and Frahm, 2016). Distinctive image fea-
tures are extracted, for example with the Scale Invariant Fea-
ture Transform (SIFT) operator (Lowe, 2004), and matched in
overlapping image pairs using an outlier-robust method such
as the Random Sample Consensus (RANSAC) algorithm (Fisc-
hler and Bolles, 1981). From the matched key points, termed
tie points, relative camera orientations are estimated, followed
by a global bundle adjustment. The bundle adjustment simul-
taneously minimizes a) the reprojection error, by optimizing the
exterior orientations, defined by the camera positions (X,Y, Z)

and rotation angles (ω, ϕ, κ), and b) the internal camera para-
meters (Triggs et al., 2000). These internal parameters describe
both the location of the projection center in the image space and
the deviations of the actual recording geometry from the ideal
central projection (Luhmann, 2010). Optimization of the 2D tie
point observations within the image space during bundle adjust-
ment concurrently facilitates the triangulation of a sparse 3D tie
point cloud.

2.2 Dense point cloud generation with MVS

To generate a dense point cloud from the sparse SfM point
cloud and the estimated camera orientations, classical MVS al-
gorithms are applied (Schönberger et al., 2016). A typical MVS
pipeline constrains the correspondence search based on epi-
polar geometry, restricting potential matches for a given pixel
along its corresponding epipolar line. Dense correspondences
are established by evaluating the consistency of local image
parts across overlapping views. This matching process yields
a dense depth map for each photo. Subsequently, every depth
map is projected into a 3D coordinate system to generate a per-
view point cloud. These individual point clouds are then fused
and filtered to produce a single, globally consistent dense point
cloud (Furukawa and Hernández, 2015). On well-textured sur-
faces and under stable lighting, MVS can be applied and paral-
lelized to very large datasets efficiently (Galliani et al., 2015),
producing results that are accurate, comparable to TLS (Wilkin-
son et al., 2016). In contrast, quality of the reconstruction de-
grades significantly on textureless, reflective, or refractive sur-
faces, in poor lighting, or in complex scenes with low image
overlap.

2.3 Neural Radiance Fields (NeRFs)

In contrast to the 3D point cloud derived using MVS, NeRFs
represent 3D scenes implicitly by applying deep learning to
overlapping images. Like MVS, the internal and external ori-
entation parameters of the cameras are prerequisites. Then,
a neural network that constructs a radiance field, thereby en-
abling the construction of novel views from arbitrary per-
spectives (view synthesis), is trained. In contrast to classical
geodetic methods that explicitly store 3D coordinates of the
points, NeRFs encode scene geometry and appearance impli-
citly within the learned network weights.

In the original NeRF formulation (Mildenhall et al., 2021), the
machine learning input is a 5D vector consisting of a 3D spa-
tial position (x, y, z) and a 2D viewing direction (θ, ϕ). Points
are sampled along each camera ray, and for each sample, the
model outputs a color (R,G,B) and a volume density σ. Dur-
ing training, synthetic pixels are rendered by integrating these
values along the rays according to the standard volume render-
ing principles (Yariv et al., 2021), where σ defines the termin-
ation probability of the ray at a given location. The parameters
of the neural network are optimized by minimizing the render-
ing loss between synthetic and observed pixels, exploiting the
differentiability of the volume-rendering equation to refine the
multilayer perceptron until the scene is accurately reconstructed
(Niemeyer et al., 2020).

To obtain a 3D point cloud comparable to MVS output, this
geometry is extracted from the trained radiance field in an
additional step. During point cloud extraction, rays from
the training images are traced through the radiance field until
the predicted cumulative volume density exceeds a predefined
threshold, at which point the corresponding RGB value is re-
corded as a surface sample (Oechsle et al., 2021).
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2.4 3D Gaussian Splatting (3DGS)

To overcome the computational limitations of implicit neural
rendering methods such as NeRFs while maintaining high
visual quality, 3DGS was introduced as an explicit scene rep-
resentation (Kerbl et al., 2023). In contrast to NeRFs, which
represent a scene as a continuous volumetric function encoded
in neural network parameters, 3DGS models the environment
using a set of anisotropic 3D Gaussian primitives.

Training typically also relies on known internal and external
camera parameter as well as an initial sparse point cloud, all of
which are commonly obtained through an SfM pipeline (Sec-
tion 2.1). Each Gaussian is parameterized by its 3D center po-
sition (µ), a covariance matrix (Σ) describing its scale and ori-
entation, an opacity value (α) and Spherical Harmonics (SH)
coefficients to model view-dependent color. A key difference to
NeRF lies in the rendering process. Instead of computationally
expensive volumetric ray marching through a neural network,
3DGS employs a fast, visibility-aware, differentiable tile-based
rasterizer. This approach projects (”splats”) the 3D Gaussians
onto the 2D image plane and accumulates their contributions
via α-blending (Kerbl et al., 2023). During optimization, an ad-
aptive density control mechanism refines the representation by
cloning, splitting, and pruning Gaussians based on their con-
tribution to the reconstruction quality. This explicit formula-
tion enables faster training times and real-time rendering at high
frame rates, depending on scene complexity and hardware con-
figuration.

Furthermore, 3DGS provides a flexible representation that can
capture fine geometric details and view-dependent appearance
without requiring an explicit surface mesh, making it particu-
larly suitable for complex scenes with thin structures or non-
Lambertian effects. While geometric information can be ap-
proximated by extracting the Gaussian centers (µ) as a point-
based representation, this does not correspond to a classical
dense point cloud, as the Gaussians represent spatially exten-
ded volumetric primitives with anisotropic support and view-
dependent radiometric properties rather than discrete surface
samples.

3. Data acquisition

Figure 1. Overview of the study site.

To illustrate the differences between MVS and NeRF recon-
structions, we select the Bruder Klaus Kapelle in Roppen, Aus-

tria (WGS84: 47.2213°N, 10.8168°E), as our object of interest
(Figure 1). The chapel, inaugurated in 1962, is of manageable
dimensions (10 m × 12 m × 10 m) yet offers a variety of ac-
quisition scenarios. To the southwest lies an open meadow that
provides an unobstructed view for oblique image acquisition,
allowing a precise comparison of fine structural reconstruction.
In contrast, the northeastern side is covered by dense vegetation,
which significantly complicates the reconstruction of the walls
using image-based methods. That side in particular enables a
meaningful evaluation of point cloud completeness under chal-
lenging conditions.

Figure 2. a) Overview of the surveyed area. The positions of the
images, separated into oblique and nadir, are displayed together

with the TLS positions and GCPs. The study area is also
marked. The grid coordinates refer to WGS84/UTM32. b)
Close-up of one of the GCPs. c) Position of the study area

shown on a map of Austria.

The UAV platform used was a DJI Mavic 3M. Its primary RGB
camera is equipped with a 20 MP 4/3 CMOS sensor and an
equivalent focal length of 24 mm (DJI Enterprise, 2025). The
overlap was 80% in the longitudinal direction and 60% in the
transverse direction. Images were captured in RAW format
and the flight speed was set to 1 m/s, allowing the use of the
highest possible aperture (mostly F/8) and the lowest ISO under
the prevailing lighting conditions to achieve high image quality
(CANON INC., 2006). A short exposure time of 1/1000 s was
chosen, rendering motion blur negligible. To simulate a realistic
measurement campaign, the Smart Oblique mode with terrain
following was employed at a flight height of 25 m above ground
level (a.g.l.) (DJI Enterprise, 2021). In this mode, oblique im-
ages with an elevation angle of 45° are acquired in addition to
nadir images, enabling the reconstruction of facades and lower
vegetation. Additionally, a nadir mission and a circular flight
focusing on the chapel were conducted at 35 m a.g.l..

For reference measurements, a combined approach of TLS
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and photogrammetric evaluation was employed. The area was
scanned with a Riegl VZ-600i (Riegl, 2025b) from 16 scan po-
sitions. To register the images and the laser scan to a com-
mon coordinate system, six specially developed ground control
points (GCPs) were distributed throughout the study area. Ad-
ditionally the RTK positions from UAV and TLS were used.
These consisted of 12-bit coded markers that can be automat-
ically detected in the images, incorporating retro-reflective tar-
gets that were fine-scanned with the TLS. Since all GCPs were
placed horizontally and the vertical offset between the marker
center and the bireflex center is known, an accurate registra-
tion was achieved. A photograph of a sample GCP is shown in
Figure 2b.

4. Data processing

In this section, we adopt the workflow introduced by Schulte et
al. (2025) (see Figure 3). Section 4.1 details the processing of
the reference point cloud, Section 4.2 describes the estimation
of camera poses via SfM, Section 4.3 details the construction of
a dense MVS point cloud, Section 4.4 explains the generation
of a NeRF-derived point cloud and Section 4.5 describes the
process using 3DGS.

Figure 3. The workflow describes the generation of the reference
point cloud from TLS and images in a joint bundle adjustment
on the left side. The fused reference point cloud serves as the
basis for the evaluation of image-based reconstruction with

MVS and NeRF on the right side.

4.1 Reference point cloud generation

To generate the reference point cloud, the TLS data was pro-
cessed first. TLS processing was performed with the scanner
manufacturer’s software RiSCAN PRO (V2.21) (Riegl, 2025a).
The scanner already successfully registered all scans relat-
ive to each other in the field (Ullrich and Fürst, 2017). The
preregistered scans were imported with all returns (multiple

echoes) to best represent the surrounding vegetation. By ex-
amining and filtering the input signal according to its pulse
shape (max deviation = 10), we prevented incorrect reconstruc-
tions due to heavily distorted waveforms. Subsequently, the co-
ordinates of the scanned bireflex targets were calculated using
the polar elements saved during the fine scan of these targets.
Because each GCP was scanned two or three times, the local
precision of each point could be estimated. The mean local un-
certainty was 2 mm with a maximum of 4 mm. This can be
mainly attributed to manual reflector rotation between scans.

The scans and GCP coordinates were then processed in a
multi-station adjustment (MSA). At its core, this adjustment
uses plane-to-plane matching (Rietdorf, 2005) to register the
scans relative to each other at sub-millimeter precision and sub-
sequently georeferences the registered dataset using the RTK-
positions of the individual stations in the block adjustment.
Only the vertical offset between the bireflex target center and
the coded-marker center remained to be applied. Because all
GCPs were nearly leveled, this offset is limited to the z-axis
and could therefore be corrected easily. As a result, precise
GCP coordinates were obtained for the subsequent analyses.

Because topography prevented complete TLS coverage of all
roof surfaces, a combined TLS/photogrammetry workflow em-
ployed using Agisoft Metashape (V2.2.2) to obtain a complete
and reliable reference point cloud (Agisoft LLC, 2025). The
final registered TLS point cloud served as the geometric basis
by fixing the scan positions. The relative orientations of all
105 images (oblique + nadir) were then estimated and, together
with the TLS scans, optimized in a joint bundle adjustment. A
dense point cloud was then generated from the full-resolution
images using MVS. Points that are reconstructed from fewer
than three depth maps were removed to reduce noise, and the
resulting MVS point cloud was cropped to the chapel area,
so that only the well-textured roof surfaces were created us-
ing photogrammetric methods. Finally, the combined point
cloud (TLS+MVS) was cropped to the study area and expor-
ted in the global coordinate reference system (CRS), produ-
cing a high-accuracy, comprehensive reference point cloud of
the chapel and the surrounding vegetation containing approx-
imately 139 million points.

4.2 Camera pose estimation

To compare the geometric quality of the MVS and NeRF meth-
ods, both were given identical image datasets, camera poses
and intrinsics as input. To ensure optimal results, the RAW im-
ages were first radiometrically balanced to prevent overexpos-
ure of the bright chapel facade against the darker background,
and then exported as lightly compressed JPGs. Because both
reconstruction methods require internal and external orienta-
tion parameters, these were estimated using an SfM approach.
The workflow followed the procedure described by Over et
al. (2021), implemented through the Agisoft Metashape plugin
created by Mohren and Schulze (2024).

The bundle adjustment was performed iteratively using the
GCP coordinates derived from the TLS target fine scans. To ef-
ficiently train a NeRF, the markers were transformed into a local
topocentric coordinate system, ensuring that the camera poses
estimated in the bundle adjustment also use this local system.
This approach offers two advantages. First, the NeRF can be
trained in a numerically more resource-efficient local coordin-
ate system, and second, using global coordinates during training
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led to an unresolved issue in which the exported point cloud be-
came excessively noisy, due to wrong exterior orientation para-
meters. Using a local CRS additional avoids the problem of a
different scale being applied to the horizontal and vertical axes,
respectively, as typically done in a projected coordinate system
like UTM.

To enable direct comparison of the NeRF and MVS point clouds
with the reference point cloud, the outputs were subsequently
transformed back into the global CRS using the inverse trans-
formation parameters. This approach provides an elegant way
of avoiding transformation errors, ensures consistency across
all datasets, and eliminates the need for an additional registra-
tion step (e.g., via an Iterative Closest Point (ICP) algorithm)
(Besl and McKay, 1992). The success of the bundle adjust-
ment was confirmed by the low positional error of the markers
(avg. 7 mm / 0.2 px) and the stability of the internal orienta-
tion parameters (average RMSE reprojection error over all tie
points = 0.2 px).

4.3 MVS point cloud generation

The MVS point cloud was generated using Agisoft Metashape.
In contrast to the reference point cloud (Section 4.1), the im-
ages were not processed at full resolution. Instead, one level
of image-pyramid downsampling was applied (Quality = high;
5 MP) to enable a meaningful comparison to the NeRF-derived
point cloud, which also employed a one-level downsampling.
For the depth-map generation, the mild filtering option was
used. To ensure that the observed differences from the NeRF
point cloud were not caused by this filtering, the MVS recon-
struction was repeated without filtering. The resulting differ-
ence in point count was only 0.2%, which was considered neg-
ligible. Consequently, all subsequent analyzes were performed
using the filtered point cloud, as this represents the default vari-
ant used in the software. After processing, the point cloud was
exported, transformed into the global CRS, and cropped to the
study area.

4.4 NeRF point cloud generation

For training and generation, the PyTorch-based framework
Nerfstudio (V1.1.5) (Tancik et al., 2023) was employed, which
can directly import the topocentric camera poses and internal
parameters exported from Metashape after bundle adjustment.
All images were downsampled once to enable training of the
scene on an NVIDIA RTX4090 with 24GB VRAM. For train-
ing, the Nerfacto model with default parameters was selec-
ted, as it integrates advances from MipNeRF360 (Barron et
al., 2022), NeRF−− (Wang et al., 2021), Instant-NGP (Müller
et al., 2022), NeRF-W (Martin-Brualla et al., 2021) and Ref-
NeRF (Verbin et al., 2022). The camera optimizer implemented
in Nerfacto was disabled because high-quality internal and ex-
ternal camera parameters were already available, and to main-
tain comparability with the MVS approach. The training was
performed with 30k iterations, as this is the default value used
by the model. Although the images were acquired exclusively
from above the study area, the resulting peak signal-to-noise
ratio (PSNR) of 20.02, structural similarity index (SSIM) of
0.46 and learned perceptual image patch similarity (LPIPS) of
0.63 indicate an acceptable NeRF reconstruction quality of the
scene, when compared to the results of Nerfacto with the Nerf-
studio Dataset presented in Tancik et al. (2023).

After training, a point cloud with 50 million points was created
and subsequently filtered using the statistical outlier removal

(SOR) filter, implemented in Open3D (Zhou et al., 2018), with
a standard deviation setting (std) of 2.0σ, and exported in the
local topocentric CRS, where the study area was manually
defined using an oriented bounding box (OBB). In addition, the
Noise filter, integrated in CloudCompare (2025), was applied
that locally fits a plane around each point and removes points
whose deviation from the fitted plane exceeds a standard devi-
ation of 1σ relative to the neighboring reprojection error. After
filtering and cropping, the point cloud consisted of 18 million
points. Thus, the NeRF point cloud contains more than four
times the number of points in the MVS point cloud, despite
using the same input data. This oversampling is an inherent
advantage of NeRFs, although the interpretation of individual
points should therefore be treated with caution.

4.5 3DGS point cloud generation

Figure 4. Comparison between the 2D view synthesis and the
resulting point cloud of the scene in 3DGS.

The 3DGS model was trained using the software Postshot
(V1.0.110). To ensure compatibility, interior and exterior ori-
entation parameters were converted into the RealityScan file-
format and imported with the sparse SfM point cloud and ori-
ginal imagery. Training was conducted using the ’Splat3’ ar-
chitecture for 30k iterations. To maintain consistency across
the experimental setup, images were downsampled to match the
resolution of the other two methods. Additionally, a Region of
Interest (ROI) was defined to constrain the optimization process
strictly to the study area.

Although the 3DGS approach yielded the most visually com-
pelling results in terms of 2D novel view synthesis (SSIM:
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0.567 for 3DGS vs. 0.46 for NeRF), as illustrated in Figure 4,
it proved unsuitable for dense geometric reconstruction. This
limitation stems from the inherent nature of 3DGS, where the
resulting set of Gaussian primitives, approximately 1 million
in this study, remains closer in magnitude to the initial sparse
SfM points (160,000) than to a dense MVS point cloud. These
observations align with findings by Clini et al. (2024) and Wini-
warter et al. (2025), who both noted low point densities in sim-
ilar scenarios. A formal geometric evaluation of the 3DGS-
derived points was omitted, as the method does not produce a
continuous dense surface, rendering a comparative spatial ana-
lysis statistically non-significant for the scope of this research.

5. Evaluation

In this section, the dense point clouds are compared with respect
to their processing times, geometric accuracy and reconstruc-
tion completeness. As a reference, the combined TLS/MVS
point cloud presented in Section 4.1 was used. All datasets
were cropped to the same ROI shown in Figure 2, which cov-
ers an area of approximately 20 × 15 m2. To evaluate the re-
construction quality of the chapel separately, this building was
additionally extracted, yielding two datasets on which the fol-
lowing analyses were performed. In order to use the algorithms
more efficiently, the reference point cloud was subsampled us-
ing a voxel size of 5 mm. This resolution is sufficient for the
M3C2 diameter scale described below to accurately represent
the scene as a reference point cloud and to calculate accurate
normal vectors for the distance calculation. The NeRF point
cloud was also subsampled to match the number of points of
the MVS point cloud (in the following called NeRF-sub), to
investigate whether the results were driven solely by a higher
point count.

First, the processing time can be evaluated based on the hard-
ware described in Section 4.4. The generation of the point
cloud using MVS required 13 minutes, while training the NeRF
model and exporting the corresponding point cloud took ap-
proximately 20 minutes, indicating that no substantial dif-
ference in processing time is observed between the two ap-
proaches.

Geometric accuracy was assessed by applying the M3C2 al-
gorithm (Lague et al., 2013). For the M3C2 distance computa-
tion, the normal estimation scale (D) was set to 0.1 m, defining
the orientation of the distance measurement. The projection
scale (d), which determines the cylindrical neighborhood used
for averaging points along the normal direction, was also set to
0.1 m.

The M3C2 distances also form the basis for the completeness
analysis of the point clouds. Following the procedure described
by Seitz et al. (2006), completeness is quantified as the pro-
portion of reference points G that lie within a tolerance dis-
tance d of the reconstructed point cloud R. We adjusted the
value of d, which was previously suggested to be 0.2 m by
Hermann et al. (2024) for UAV datasets, to ± 0.1 m, as our
GSD was very low for a UAV-based photogrammetric flight.
Because the study area also contains large amounts of vegeta-
tion, the threshold was extended to ± 0.3 m in a second ana-
lysis. The rationale for this choice was that the exact position
of a tree branch is less important than the presence of a recon-
structed point. For each of the five reconstructed point clouds
Ri, the M3C2 distances were computed between the core points
Gp and Ri. Points whose distance exceeded the tolerance d

were discarded and completeness was defined as the ratio of
the remaining inlier reference points Gp<d to the total number
of reference points Gp.

Dataset Method Points [·106]
Reference 85.1

Reference-sub 13.8
Chapel MVS 1.6

NeRF 8.9
NeRF-sub 1.6
Reference 139.1

Reference-sub 31.8
Scene MVS 4.1

NeRF 17.9
3DGS 1.0

Table 1. Number of points obtained for each method. The ”-sub”
suffix marks all point clouds that have been subsampled to an

voxel size of 5 mm.

The subsampled TLS reference point cloud Gp consisted of
roughly 32 million points, and 14 million points for the detailed
chapel subset, representing a substantially higher point count
than any of the reconstructed clouds Ri (see Table 1). For each
of the four reconstructed point clouds Ri, M3C2-distances were
computed and completeness were calculated based on these.

6. Results and Discussion

This section presents and discusses the results of the accuracy
and completeness analyses. Table 2 provides an overview of the
numerical values. The presentation of results first focuses on
the chapel subset, which represents a building with well-defined
structures and surfaces, and subsequently on the entire study
area to assess performance especially over vegetated regions.

With respect to the M3C2 distances relative to the reference
point cloud, the chapel was successfully reconstructed in both
datasets, as the mean deviation was 6 mm for MVS and 0 mm
for NeRF, which both lie well below the flight ground sampling
distance (GSD) of the non scaled images, so that the difference
can be attributed to random noise. The mean value can be in-
terpreted as a measure of georeferencing accuracy, which con-
firms the correct calculation and application of the workflow
used. Based on the standard deviation of the distances, MVS
achieved a higher geometric accuracy for the chapel (0.09 m)
compared to the NeRF reconstruction (0.12 m), while the NeRF
point cloud exhibited a 6% higher completeness. Although this
difference appears moderate in absolute terms, Figures 5, 6 and
7 clearly show that NeRF covers substantially more areas. This
can be attributed to regions that were not reconstructed at all in
MVS but appear only sparsely represented in the NeRF point
cloud. This observation is further supported by the fact that,
after subsampling the reference cloud to a GSD of 0.1 m and
repeating the completeness analysis, the completeness value
of MVS remained nearly constant (67.6%) whereas NeRF in-
creased to 76.8%, a difference exceeding 9 %. These sparsely
reconstructed areas in the NeRF point cloud also exhibit the
lowest geometric accuracy (see Figure 5).

To test whether the higher completeness of the NeRF point
cloud was solely due to its higher point count, the NeRF
cloud was randomly subsampled to match the MVS point
count (NeRF-sub with 1.6 million points). Even then, NeRF
still achieved 2.6% higher completeness, showing the expected
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MVS NeRF NeRF-sub

Figure 5. M3C2 distances (chapel scene) of the image-based point clouds to the reference point cloud. Grey areas have not been
reconstructed, whereas the other colors represent distances and can be compared with the histogram representations at the bottom.

MVS NeRF

Figure 6. M3C2 distances (whole scene) of the image-based point clouds to the reference point cloud. Areas that could not be
reconstructed (n.r.) are shown in purple for better clarity.

Figure 7. Detailed comparison of the completeness of the
different methods. Green areas could be reconstructed by both

methods, whereas red areas were only reconstructed by the
NeRF point cloud. Grey areas could not be reconstructed

successfully by either method.

methodological advantages. To demonstrate the effect of the
filters on the point cloud, the NeRF point cloud was also ana-
lyzed without applying the SOR and noise filters (NeRF-raw).
As expected, the M3C2 accurcay (standard deviation) value in-
creases to 0.23 m while the completeness remains roughly the
same (Table 2). However, the point cloud visually appears very
noisy, which may be undesirable.

A similar trend is observed for the entire study area. MVS again
achieved higher accuracy (0.11 m) compared to NeRF (0.15 m,
Table 2). This difference is primarily due to the grass areas,
which are cleanly represented in the MVS point cloud but ap-
pear to be heavily noisy in the NeRF reconstruction, a beha-
vior also reported in previous studies, e.g. in Winiwarter et
al. (2025). However, the NeRF point cloud represents the full
study area 20% more complete. In particular, the lower vegeta-
tion layers of the trees are much better reconstructed, which is
consistent with the findings of Tian et al. (2025).

In summary, the NeRF reconstruction in both datasets (the full
scene and the chapel subset) has slightly lower accuracy but
significantly higher completeness. Especially in areas where
MVS cannot capture any points at all, the NeRF reconstruction
is able to provide information about the surface location, which
enables a better reconstruction of e.g. the chapel walls or the
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vegetation.

Dataset Method Mean [m] Std [m] Compl. [%]
Chapel MVS 0.006 0.090 68.2
d ± 0.1 NeRF 0.000 0.123 74.4

NeRF-sub 0.003 0.124 70.8
Scene MVS 0.016 0.108 66.6
d ± 0.3 NeRF -0.012 0.153 86.7

NeRF-raw -0.013 0.227 84.7

Table 2. Mean and standard deviation (Std) [1 σ] of the M3C2
distances and the completeness evaluation for the chapel and the

whole study area. For estimating the completeness, a distance
threshold of ± 0.1 m an ± 0.3 m were used.

7. Conclusion and Outlook

This study investigated the reconstruction quality using two
image-based methods in a challenging environment. Dense
point clouds were generated using both MVS and NeRF meth-
ods and subsequently compared relative to a reference point
cloud with respect to geometric accuracy and completeness. To
ensure comparability, identical internal and external camera ori-
entation parameters and the same set of 105 nadir and oblique
images, downscaled to the same resolution (5 MP), were used.
To obtain a reference of superior accuracy, the study area was
additionally surveyed from 16 TLS stations, except for the roof
areas, which were not accessible from the ground. These roof
areas were supplemented with an image-based point cloud us-
ing oblique imagery at maximum resolution. A workflow was
successfully developed that enables the use of NeRFs in a real-
istic photogrammetric, georeferenced scenario, particularly in
areas where MVS cannot reconstruct points. In addition, it has
been shown that NeRF point clouds can be used with classical
point cloud-based evaluation methods, such as accuracy assess-
ments via M3C2 and completeness assessments.

The results show that for both the building and the surrounding
vegetation, NeRF-based point clouds exhibit lower geometric
accuracy than MVS but achieved a higher degree of complete-
ness. This may be explained by the different point generation
mechanisms, where MVS produces discrete pixel-based points,
whereas NeRF derives points from a continuous density func-
tion. The NeRF method can be advantageous in complex scenes
and shows parallels to full-waveform analysis in laser scanning
(Mallet and Bretar, 2009), where the received laser signal is
comparable to the signal of the volumetric density along a ray
in NeRFs.

Compared to the TLS point cloud, both image-based methods
perform respectably. Future work should focus on strategies to
further improve the quality of NeRF point clouds and on meth-
ods for integrating the results of both approaches to obtain re-
constructions that are accurate and more complete than those
produced by classical photogrammetric algorithms. This com-
bined procedure can then also be tested in other areas, including
high-alpine geomorphic study sites.
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EP: Pushing the limits of 3D topographic point cloud
change detection by error propagation. ISPRS Journal of
Photogrammetry and Remote Sensing, 178, 240–258. ht-
tps://doi.org/10.1016/j.isprsjprs.2021.06.011.

Winiwarter, L., Schulte, F., Wang, J., Zhang, Q., Anders,
K., Jutzi, B., 2025. Assessing the Potential of Neural Radi-
ance Fields and Gaussian Splatting for Change Detection and
Change Quantification. Proceedings of the 6th Joint Interna-
tional Symposium on Deformation Monitoring - JISDM 2025.
https://doi.org/10.5445/IR/1000180533.

Xiang, L., Zheng, H., Deng, B., Yin, H., 2025. Geometric Prior-
Guided Neural Implicit Surface Reconstruction in the Wild.
arXiv. https://doi.org/10.48550/ARXIV.2505.07373.

Yan, Z., Mazzacca, G., Rigon, S., Farella, E. M., Try-
bala, P., Remondino, F., 2023. NERFBK: A holistic data-
set for benchmarking nerf-based 3d reconstruction. The In-
ternational Archives of the Photogrammetry, Remote Sens-
ing and Spatial Information Sciences, XLVIII-1/W3-2023,
219–226. https://doi.org/10.5194/isprs-archives-XLVIII-1-W3-
2023-219-2023.

Yan, Z., Padkan, N., Trybała, P., Farella, E. M., Remondino,
F., 2025. Learning-Based 3D Reconstruction Methods for Non-
Collaborative Surfaces—A Metrological Evaluation. Metro-
logy, 5(2), 20. https://doi.org/10.3390/metrology5020020.

Yariv, L., Gu, J., Kasten, Y., Lipman, Y., 2021. Volume
Rendering of Neural Implicit Surfaces. Advances in
Neural Information Processing Systems, 34, 4805–4815.
https://doi.org/10.48550/ARXIV.2106.12052.

Zhou, Q.-Y., Park, J., Koltun, V., 2018. Open3D: A Mod-
ern Library for 3D Data Processing. arXiv:1801.09847. ht-
tps://doi.org/10.48550/arXiv.1801.09847.

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 II, 4–11 July 2026, Toronto, Canada

This contribution has been peer-reviewed. 
https://doi.org/10.5194/isprs-archives-XLIX-B2-2026-1371-2026 | © Author(s) 2026. CC BY 4.0 License.

 
1380




