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 A B S T R A C T

Image-based 3D reconstruction from unmanned aerial vehicles is crucial for many applications like navigation, 
environmental monitoring, or creating digital twins. However, real-world aerial footage introduces uncon-
strained motion, scale variation and dynamic elements that challenge current methods. Existing benchmarks 
address many of these aspects while providing valuable LiDAR ground truth, but only a few ground-
based benchmarks provide video data with camera poses, often operating at lower frame rates or lower 
image resolutions, and most aerial benchmarks primarily offer still images only. To address this issue, we 
introduce JB3D: an aerial video dataset designed for benchmarking multi-view stereo and novel view synthesis 
approaches in realistic outdoor environments. Captured over the course of a two-day outdoor festival featuring 
challenging scenery, including fine structures and dynamic elements such as moving cars and people, JB3D 
comprises 14 UAV videos at 30 FPS, five LiDAR scans, high-resolution RGB and thermal infrared images. 
To accurately reflect real-world operating conditions such as infrastructure monitoring, crowd counting, or 
supporting emergency response forces, all flight trajectories for video acquisition were controlled manually. 
All the data are registered in a single ECEF/ENU coordinate frame. The novelty compared to other benchmark 
datasets relates to the per-frame camera poses, for which reference data are provided, too. They enable 
reconstruction from individual sequences, multi-sequence evaluation and cross-day change detection. Alongside 
baseline results from conventional, learning-based, and advanced scene representation approaches, we release 
evaluation and visualization routines (https://github.com/JB3D-Dataset/Multi-View-Stereo). In addition, we 
provide insights into how the strengths and weaknesses of chosen evaluation metrics affect the outcome by 
employing established metrics, such as L1-abs, F1-Score and Chamfer distance.
1. Introduction

The field of image-based 3D reconstuction has been advancing 
rapidly, particularly with the advent of deep learning techniques. A 
crucial role can be attributed to the processing 2D image and video data 
into detailed 3D reconstructions, which are essential for a variety of ap-
plications, including autonomous navigation, urban and environmental 
monitoring, as well as creating digital twins. Commercial off-the-shelf 
unmanned aerial vehicles (UAVs) are vital in this context, as they 
provide fast and high-precision aerial imaging capabilities at vari-
ous scales, enabling efficient data acquisition for diverse applications 
such as disaster response, agriculture, and urban planning. However, 
the acquisition of reliable three-dimensional data from aerial imagery 

I Given his role as EIC, Dr. Martin Weinmann had no involvement in the peer review of this article and had no access to information regarding its peer review. 
Full responsibility for the editorial process for this article was delegated to another journal editor.
∗ Corresponding author at: Fraunhofer IOSB, Karlsruhe, Germany.
E-mail addresses: max.hermann@iosb.fraunhofer.de, max.hermann@kit.edu (M. Hermann), dennis.boehmer@iosb.fraunhofer.de (D. Böhmer), 

stefan.hinz@kit.edu (S. Hinz), martin.weinmann@kit.edu (M. Weinmann).

remains challenging due to factors such as unconstrained flight trajec-
tories, diverse scales and motions, and the dynamic nature of outdoor 
environments. These factors frequently violate assumptions of standard 
MVS pipelines, but recent innovations, including learning-based MVS 
approaches and approaches based on advanced scene representations, 
have improved in this regard.

Existing datasets address various aspects for evaluating the qual-
ity of image-based 3D reconstruction, yet do not sufficiently address 
many critical requirements for comprehensive performance evaluation 
under real-world conditions for UAVs. For instance, the Middlebury 
(Scharstein and Szeliski, 2002) and DTU (Jensen et al., 2014) datasets 
are ideal for benchmark studies involving small-scale objects with 
controlled lighting, whereas ETH3D (Schöps et al., 2017) and Tanks 
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and Temples (Knapitsch et al., 2017) provide high-resolution and large-
scale outdoor scenes with a focus on more realistic conditions. Tanks 
and Temples is particularly noteworthy because it provides video data 
with 1 FPS ground truth camera trajectories. However, despite this, 
these datasets only provide terrestrial scenes without any additional 
metadata. Synthetic datasets, such as BlendedMVS (Yao et al., 2020), 
have been shown to effectively expand the scale for training complex 
models, but they have been observed to struggle to replicate the con-
ditions and complexities inherent to real-world aerial data. Whilst the 
UseGeo dataset (Nex et al., 2024; Hermann et al., 2024b) has made 
progress in providing a UAV-specific benchmarks with LiDAR-based 
ground truth, its focus is on static still imagery.

To overcome the above-mentioned shortcomings, we introduce 
JB3D, a georeferenced aerial video dataset with per-frame camera 
poses and LiDAR ground truth designed to evaluate the performance of 
image-based 3D reconstruction approaches. To accurately reflect real-
world operating conditions such as infrastructure monitoring, crowd 
counting, or supporting emergency response forces, all flight trajec-
tories for video acquisition were controlled manually. The dataset 
captures a two-day outdoor festival setup with changing geometry, 
dynamic elements such as people and vehicles and fine structures like 
fences and vegetation. It comprises 14 UAV videos at 30 FPS leading 
to approx. 50,000 video frames, 5 LiDAR scans, approx. 5000 high-
resolution RGB still images, and approx. 3000 thermal still images. 
All data is registered in one common ECEF/ENU coordinate frame, 
enabling 3D reconstruction of single video sequences, evaluation using 
multiple sequences or cross-day change detection.

Our contributions can be summarized as follows:

• We release a comprehensive dataset consisting of 14 UAV-based 
videos with metadata and estimated frame-accurate camera poses,
as well as corresponding LiDAR point clouds for evaluating the 
performance of image-based 3D reconstruction approaches. The 
entire dataset uses a single joined ECEF/ENU coordinate frame.

• In addition, the dataset provides 5 videos that are less suitable 
for evaluating the performance of image-based 3D reconstruction 
approaches and 5000 RGB and 3000 thermal still images from 
nadir and oblique perspective, resulting in a total of approxi-
mately 55,000 RGB images. The intrinsic and extrinsic camera 
calibrations are provided for all RGB images.

• We provide an extensive comparison of different baseline ap-
proaches, consisting of conventional and deep learning
approaches, as well as results achieved by approaches relying on 
advanced scene representations. In order to replicate our results, 
we are also releasing the evaluation and visualization scripts used 
for this purpose 1.

This paper is structured as follows. In Section 2, we summarize the 
current state-of-the-art regarding existing datasets, categorizing them 
according to their characteristics, and provide an overview of conven-
tional and more recent approaches for image-based 3D reconstruction 
methods. Next, in Section 3, we present our approach to conducting 
the measurement campaign and how we performed the post-processing 
to create the dataset. In this section we also introduce the evaluation 
metrics, which are provided as a script1. Section 4 presents the quan-
titative and qualitative results of four baseline approaches in different 
categories. These results are then discussed in Section 5, alongside the 
impact of the choice of evaluation metric. We finish by summarizing 
the results in Section 6 and providing concluding remarks.

1 https://github.com/JB3D-Dataset/Multi-View-Stereo
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2. Related work

In the following, we briefly summarize related work in terms of ex-
isting datasets, and approaches for image-based 3D reconstruction. For 
the latter, we focus on traditional approaches, standard learning-based 
approaches, and learning-based approaches relying on advanced scene 
representations. Table  1 shows an overview of existing image-based 
datasets intended for 3D reconstruction benchmarking.

2.1. Datasets

Early work on evaluating the performance of MVS reconstruction 
algorithms resulted in the Middlebury MVS benchmark (Seitz et al., 
2006) addressing a comparison of derived MVS reconstructions with 
highly accurate ground truth 3D models acquired via laser scanning. 
For each of two considered objects, images were acquired with three 
different view constellations (i.e., either views sampled on a hemi-
sphere or views sampled on a ring around the object), thus yielding 
six different image sets as the basis for 3D reconstruction. Since the 
considered objects are rather small and acquired images of low reso-
lution, a benchmark for image-based 3D reconstruction with a focus 
on outdoor scenes and high-resolution imagery was proposed (Strecha 
et al., 2008), where the reference was acquired with a laser scanner. To 
account for more diversity in terms of scene characteristics (i.e., beyond 
well-textured diffuse-reflectance surfaces), the DTU dataset (Jensen 
et al., 2014; Aanæs et al., 2016) was presented. This dataset was 
acquired using a structured light scanner mounted on an industrial 
robot arm. The released images were taken by one of the cameras in 
the structured light scanner, while the scanner allows for capturing a 
reference 3D surface geometry of the considered scene/object. In total, 
the dataset comprises 80 small-scale scenes of large variability in terms 
of varying reflectance behavior, texture, and geometric properties as 
well as different lighting conditions.

To address more realistic scenarios in the form of challenging 
large-scale outdoor and indoor environments, the Tanks and Temples 
dataset (Knapitsch et al., 2017) has been acquired, which comprises 
high-resolution video sequences as well as corresponding ground truth 
point clouds collected with a laser scanner. This dataset has been 
proposed for the joint evaluation of both structure-from-motion (SfM) 
and MVS, i.e., the complete 3D reconstruction pipeline from the input 
video to the dense 3D point cloud as output. A complementary dataset 
has been presented with the ETH3D dataset (Schöps et al., 2017). It 
also covers a variety of challenging indoor and outdoor scenes for 
which high-resolution imagery have been acquired with a professional 
DSLR camera and ground truth 3D point clouds have been captured 
with a laser scanner. However, it additionally contains synchronized 
low-resolution stereo videos with varying fields-of-view. Such a con-
sideration is more realistic for mobile devices as used in robotics, 
and respective videos enable algorithms to exploit redundancy across 
imagery acquired with high frame rates to improve the reconstruction 
quality. Instead of relying on expensive laser scanners for acquiring 
ground truth 3D point clouds, the BlendedMVS dataset (Yao et al., 
2020) is a large-scale synthetic dataset which relies on the generation 
of training images and corresponding depth maps by rendering textured 
3D models to different view points. This dataset comprises 113 textured 
3D models with a variety of different scenes, including cities, archi-
tectures, sculptures and small objects, that are represented with 20 to 
1000 input images, respectively. In total, more than 17,000 images are 
provided.

A particular scenario is given for the reconstruction of real-world 
outdoor urban scenes, when aerial imagery is involved. In this re-
gard, the ISPRS benchmark for multi-platform photogrammetry (Nex 
et al., 2015) comprises datasets for two urban test areas in the city of 
Dortmund, Germany. These datasets contain nadir and oblique aerial 
imagery, and convergent and redundant terrestrial imagery together 
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Table 1
Comparison of MVS datasets commonly used for 3D reconstruction. The JB3D aerial dataset is unique in that it provides both LiDAR ground truth and videos 
along 30 FPS camera trajectories.
 Dataset Environment Perspective Modality Ground truth Camera poses  
 Middlebury MVS (Seitz et al., 2006) Lab Ground Images LiDAR yes  
 DTU (Jensen et al., 2014) Lab Aerial/Ground Images Structured-light yes  
 Benchmark for multi-platform photogrammetry (Nex et al., 2015) Outdoor Aerial/Ground Images LiDAR yes  
 BlendedMVS (Yao et al., 2020) Synthetic Aerial/Ground Images Photogrammetric yes  
 UseGeo (Nex et al., 2024; Hermann et al., 2024b) Outdoor Aerial Images LiDAR yes  
 ETH3D MVS (Schöps et al., 2017) Indoor/Outdoor Ground Images/Low resolution videos LiDAR yes (13.6 FPS) 
 Tanks & Temples (Knapitsch et al., 2017) Indoor/Outdoor Ground Images/Videos LiDAR yes (1 FPS)  
 JB3D (Ours) Outdoor Aerial Images (RGB & thermal infrared)/Videos LiDAR yes (30FPS)  
with ground truth data acquired via airborne and terrestrial laser scan-
ning or represented by single Ground Control Points (GCPs) as well as 
single target coordinates. The extension from rather small-scale scenes 
to large-scale urban areas has been addressed with the UseGeo dataset 
(Nex et al., 2024; Hermann et al., 2024b) which has been released as a 
large-scale real-world dataset allowing for quantitative and qualitative 
evaluation of approaches for image-based depth estimation and 3D 
reconstruction from UAV-borne imagery. The dataset covers an area of 
1100 m × 650 m, for which aerial imagery (GSD of approximately 2 cm) 
and LiDAR data (point density of about 51.39 points/m) have been 
acquired from an average flight altitude of 80 m above ground. The 
acquired LiDAR data can serve as a reference, while the imagery can be 
used as input for depth estimation and 3D reconstruction approaches. 
The UseGeo dataset has been integrated in the NeRFBK dataset (Yan 
et al., 2023) representing a repository of real and synthetic scenes with 
industrial objects, transparent and reflective objects, aerial scenes and 
heritage scenarios. For each case, both imagery and accurate ground 
truth 3D models are provided.

2.2. Traditional approaches

Traditional approaches for image-based 3D reconstruction rely on 
the use of hand-crafted features and matching metrics to achieve multi-
view consistency. PhotoTourism/Bundler (Snavely et al., 2006) repre-
sents one of the first open-source SfM pipelines, and it could even be 
applied on imagery without prior knowledge about intrinsic camera 
parameters. Since only local features between images are matched and 
triangulated, the achieved 3D reconstruction is represented by a rather 
sparse point cloud. Hence, the results of an SfM approach are typically 
used as input to a subsequent MVS approach such as PMVS/CMVS 
(Furukawa and Ponce, 2009) and numerous follow-up developments 
(Stathopoulou and Remondino, 2023) in order to achieve a dense 
3D reconstruction. Meanwhile, numerous open-source image-based 3D 
reconstruction pipelines (Stathopoulou et al., 2019; Ruano and Smolic, 
2021) cover both SfM and MVS, such as COLMAP (Schönberger and 
Frahm, 2016; Schönberger et al., 2016), which is actively maintained 
and easy-to-use for both expert and non-expert users.

Traditional approaches heavily rely on the assumption of photomet-
ric consistency, and the reconstruction of weakly-textured or reflective 
surfaces remains problematic (Huang et al., 2018). To address this, a 
multi-scale geometric consistency guided and planar prior assisted MVS 
approach has been presented with ACMMP (Xu et al., 2022).

2.3. Standard learning-based approaches

Learning-based approaches for image-based 3D reconstruction can 
be categorized with respect to the given scene representation (Wang 
et al., 2021; Stathopoulou and Remondino, 2023). Voxel-based ap-
proaches focus on the direct prediction of globally coherent voxel-
occupancy grids from the given input imagery. Such approaches are 
constrained by the predefined resolution of a reconstructed object or 
scene and thus not suitable for use cases focusing on large-scale 3D 
reconstruction. Depth-map-based approaches focus on the prediction of 
3 
a depth map for each view and a subsequent fusion of all predicted 
depth maps into a coherent 3D representation. Due to this decoupling, 
such approaches are more efficient and thus also suitable for use cases 
focusing on large-scale 3D reconstruction.

In this paper, we focus on large-scale 3D reconstruction and hence 
depth-map-based approaches are more promising. Respective
approaches typically rely on deep networks, e.g., DeepMVS (Huang 
et al., 2018) and MVSNet (Yao et al., 2018) and numerous variants 
thereof, which perform optimization based on 3D cost volumes. For 
instance, UniMVSNet (Peng et al., 2022) is a coarse-to-fine framework 
which directly constrains the cost volume like classification methods, 
but also realizes sub-pixel depth prediction like regression methods. 
GeoMVSNet (Zhang et al., 2023) integrates coarse geometric structures 
into finer depth estimations for improved geometry awareness. The 
most recent learning-based approaches for image-based 3D reconstruc-
tion also comprise transformer-based approaches such as TransMVSNet 
(Ding et al., 2022), MVSFormer (Cao et al., 2022) or MVSFormer++ 
(Cao et al., 2024).

2.4. Learning-based approaches relying on advanced scene representations

Recently, a lot of attention has been paid to implicit neural scene 
representations, where the underlying idea consists in representing a 
scene in terms of the weights of a neural network. These weights 
are optimized in a supervised manner to match the predicted scene 
appearance under certain views to the respectively observed input 
image for the corresponding view configurations. Consequently, it can 
be assumed that scene characteristics are adequately represented in the 
neural scene model if the deviations to the input reference views are 
small.

In particular, Neural Radiance Fields (NeRFs) (Mildenhall et al., 
2021) and their many extensions (Tewari et al., 2022) offer a high 
potential for accurate scene representation. Originally proposed for the 
task of novel view synthesis, such approaches rely on a neural network 
in order to predict both density and view-dependent color informa-
tion for each point in the volume. On this basis, volume rendering 
techniques can be used to synthesize new images from the volumetric 
scene information. Accurate geometric models can be achieved by 
NeRF extensions towards improving rendering quality (and thus also 
model quality) by reducing aliasing (Barron et al., 2021, 2022, 2023) 
and by increasing robustness to inconsistencies (Sabour et al., 2023; 
Buschmann et al., 2024), whereas improved efficiency can be achieved 
by accelerating the training of the underlying network (Müller et al., 
2022; Chen et al., 2022). Furthermore, NeRF extensions have been 
presented that are dedicated to handle unconstrained image collections 
(Martin-Brualla et al., 2021; Lin et al., 2021), sparse views as input (Yu 
et al., 2021; Niemeyer et al., 2022; Chen et al., 2024) or large-scale 
scenarios (Tancik et al., 2022; Turki et al., 2022; Xiangli et al., 2022; 
Mi and Xu, 2023; Xie et al., 2023; Xu et al., 2024; Hermann et al., 
2024a).

While NeRFs hold great potential for numerous applications, the 
involved neural network lacks interpretability and the extraction of 
object surfaces from the implicit surface information requires network 
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Fig. 1. Overview of the considered area. The left side shows one colored LiDAR scan. On the right side, the color-coded height map is displayed.
evaluations on a dense grid. For this reason, many recent approaches 
rely on an explicit surface representation. In particular, 3D Gaussian 
Splatting (3DGS) (Kerbl et al., 2023) has become the state-of-the-
art learning-based approach for image-based 3D reconstruction. 3DGS 
relies on the use of anisotropic 3D Gaussians as an explicit scene 
representation and their optimization for novel view synthesis. Among 
a diversity of extensions of the original 3DGS, the fast planar-based 
Gaussian splatting reconstruction representation (PGSR) (Chen et al., 
2025) has been proposed to achieve high-fidelity surface reconstruction 
while ensuring high-quality image rendering.

3. Methodology and dataset characteristics

In the following section, we discuss the characteristics of the pre-
sented dataset in detail and explain our procedure for data acquisition 
and post-processing. For this purpose, we first provide a quantitative 
and qualitative overview of the individual scenes, before describing 
the evaluated approaches for image-based 3D reconstruction and the 
metrics used to analyze the resulting point clouds. Fig.  1 shows an 
overview of the entire area: on the left is one colored LiDAR point 
cloud, and on the right is the color-coded height map generated from 
the LiDAR scan displayed. The entire area measures approximately 650 
by 750 m.

3.1. Overview of the dataset

The dataset consists of three types of acquisitions that serve com-
plementary purposes: (i) LiDAR scans providing the ground truth ge-
ometry, (ii) still RGB and thermal infrared images that support the 
data processing and offer an additional modality, and (iii) manually 
flown high-resolution videos, which are the primary data used for all 
subsequent analysis. All acquisitions are registered in a single common 
ECEF/ENU coordinate frame.

The LiDAR scans serve as the reference geometry for all evaluations. 
They were captured with a DJI Matrice carrying the DJI L2 sensor and 
processed with DJI Terra. LiDAR data was acquired in five separate 
flights over the two days, covering the whole area on each day as well 
as the higher-density subareas around the main stage and the second 
stage. Table  3 provides an overview of the resulting five point clouds, 
including their coverage, acquisition time, number of points, and point 
density. It should be noted that the scan Whole area I contains fewer 
points, because problems with the RTK metadata led to issues during 
its post-processing.

In parallel to the LiDAR acquisition, a DJI Mavic3t captured still im-
ages, recording RGB and thermal infrared images simultaneously. These 
4 
images were acquired using an automatic double-grid flight pattern at a 
flight altitude of up to 100 m, from both nadir and oblique perspectives. 
The RGB images have a resolution of up to 5280 × 3956pixels, whereas 
the thermal infrared images have a lower resolution of 640 × 512pixels 
and a different field of view, visible in Fig.  5. The still images serve two 
supporting roles: they are used by DJI Terra to colorize the LiDAR point 
clouds, and they are included in the sparse reconstructions to improve 
and stabilize the video-based trajectory estimation. In total, approxi-
mately 5000 RGB and 3000 thermal still images are provided. These 
still images are not evaluated as reconstruction inputs themselves. They 
are released for completeness and as an additional modality for future 
work.

The primary focus of the dataset is on the manually flown videos, 
and all subsequent analysis in this paper is performed solely on these re-
spective RGB videos. All videos were recorded with the DJI Mavic3t at 
an altitude between 60 and 80 m and have a resolution of 3840 × 2160
pixels at 30 FPS. To accurately reflect real-world operating conditions 
such as infrastructure monitoring, crowd counting, or supporting emer-
gency response forces, all video trajectories were controlled manually. 
Table  2 provides an overview of the 14 videos, which differ consid-
erably in terms of translation and rotation speed. Fig.  2 shows the 
corresponding 30 FPS camera trajectories projected onto the XY plane, 
together with the relevant section of the ground truth LiDAR scan. As 
can be seen, most videos are orbital flights around one or more objects 
of interest in the center. Since all flights were performed manually, they 
do not follow a perfect circular path and vary in speed and camera 
angle. All parts of the scene were covered at least once on both days, 
but with different flight paths. For evaluation, we crop the point clouds 
using manually defined polygons that are based on the covered area, 
the flight altitude, and the camera angle.

All global navigation satellite system (GNSS) metadata was recorded 
onboard with the help of a RTK ground station. In addition to these raw 
acquisitions, the dataset provides georeferenced camera poses for each 
still image and for all 30 FPS video frames. Together with the common 
coordinate frame, this enables reconstruction from individual video 
sequences, multi-sequence evaluation, and cross-day change detection.

3.2. Scene characteristics

Since the dataset represents real-world scenarios, there are many 
challenging elements visible. Fig.  3 shows examples that include fine 
structures such as metal fences, communication masts and flag poles, 
as well as vegetation and occasional water surfaces. Because people 
are actively working during the data acquisition, not only does the 
scene change slowly over the two days, but dynamic elements such as 



M. Hermann et al. ISPRS Open Journal of Photogrammetry and Remote Sensing 21 (2026) 100149 
Table 2
Overview of the characteristics of the 14 provided videos to evaluate 3D reconstruction. The detailed flight patterns are shown in Fig.  2. The 5 videos in the 
bottom section are not used for 3D evaluation because they either have very challenging camera movement or are located outside of the LiDAR ground truth.
 Scene Day Time No. Velocity Angular velocity 
 images in m/s in degree/s  
 Main stage I Day 1 17:31 1947 3.46 ± 1.79 3.05 ± 1.59  
 Main stage II Day 1 17:37 2539 9.50 ± 2.46 8.76 ± 2.61  
 Flight to entrance Day 1 17:39 1015 9.10 ± 4.72 3.19 ± 5.63  
 Entrance I Day 1 17:44 5591 4.51 ± 2.62 3.26 ± 3.22  
 Second stage I Day 1 18:02 2194 6.07 ± 2.01 5.27 ± 2.87  
 Garden I Day 1 18:04 3554 4.92 ± 1.32 4.01 ± 1.43  
 Food stalls I Day 1 18:07 2533 4.93 ± 1.16 4.46 ± 1.61  
 Garden II Day 1 18:12 1314 8.38 ± 2.51 9.35 ± 3.35  
 Main stage III Day 2 12:40 3125 3.56 ± 1.92 3.23 ± 2.11  
 Entrance II Day 2 12:49 2918 6.03 ± 2.45 5.46 ± 2.22  
 Entrance III Day 2 12:51 2767 4.27 ± 2.06 4.79 ± 2.84  
 Second stage II Day 2 12:54 4444 3.68 ± 1.93 2.59 ± 1.91  
 Food stalls II Day 2 12:57 1396 10.16 ± 2.03 7.38 ± 2.24  
 Gardens III Day 2 12:59 1415 8.46 ± 2.82 8.89 ± 3.76  
 Main stage area I Day 1 17:33 1182 4.35 ± 5.42 9.59 ± 17.68  
 Main stage area II Day 1 17:35 1026 3.72 ± 3.64 4.66 ± 4.19  
 Flight to tower Day 1 17:47 834 6.95 ± 4.40 15.72 ± 21.01  
 Tower Day 1 17:48 2575 4.87 ± 2.19 2.80 ± 1.86  
 Park area Day 1 17:54 4070 6.48 ± 3.19 7.35 ± 9.94  
Table 3
LiDAR point clouds captured with the DJI L2 sensor. The scene Whole area I has fewer points because we had problems with the RTK metadata, which led to 
issues during post-processing.
 Coverage Day Time No. points Area Density  
 in m2 in pts/m2 
 Whole area Day 1 15:30 251,449,993 337,201 745.70  
 Second stage Day 1 16:40 326,096,948 132,086 2468.83  
 Whole area Day 2 11:00 370,839,108 330,526 1121.96  
 Main stage Day 2 11:28 562,934,693 220,658 2551.16  
 Second stage Day 2 12:09 245,885,183 126,484 1943.99  
moving vehicles or people exist. Fig.  4 shows one particularly example 
of dynamic elements. Throughout our experiments, we did not mask 
any dynamic elements for the 3D reconstruction or evaluation routine. 
In addition to the videos, still images were also acquired. For the 
majority of these, thermal infrared images were also captured at the 
same time using the DJI Mavic3t. As can be seen in Fig.  5, however, the 
FOV differs slightly, and thermal infrared images have lower resolution 
of 640 × 512pixels.

3.3. Data processing

As all the data was collected at different times but in the same 
geographical area, we can establish a common coordinate system for 
all the processed sensor data. The data is referenced in the ECEF/ENU 
coordinate system, which consists of a translation vector describing the 
position in the global ECEF system and a local coordinate system in 
ENU convention. This is aligned tangentially to the Earth’s surface, 
with the X-axis pointing east, the Y-axis pointing north, and the Z-
axis pointing up. This decomposition enables direct processing with 
conventional reconstruction and visualization tools without losing the 
geographical context. The densest LiDAR scan is selected as the origin 
for the local coordinate system, and other LiDAR scans, videos, and still 
images are registered relative to this scan and are therefore located in 
the same ECEF/ENU frame.

In this way, flights at different times or recorded on different days 
over the same location can be directly compared with each other. To 
achieve this, we use a semi-automatic process for georeferencing both 
the video frames and the still images. The goal is to obtain an extrinsic 
camera pose for every image expressed in the common ECEF/ENU 
frame defined by the reference LiDAR scan. For the video frames, our 
pipeline consists of the following steps for each individual scene:
5 
Time synchronization We use IVS3D (Hermann et al., 2021)2 to syn-
chronize all videos with their metadata and export individual 
frames with the corresponding GNSS positions written to the 
EXIF metadata.

Sparse reconstruction Every tenth frame is used to compute a sparse 
SfM reconstruction using COLMAP (Schönberger and Frahm, 
2016), jointly estimating the intrinsic and extrinsic camera pa-
rameters. We use up to 20,000 extracted and 40,000 matched 
features at the original image resolution. To support the re-
construction, additional nadir and oblique still images from the 
double-grid flights are added, selected based on their GNSS 
position. Point correspondences with a reprojection error greater 
than 0.3 pixels are discarded.

Similarity transformation The SfM reconstruction is initially defined 
in an arbitrary local coordinate frame. Using the per-image 
GNSS positions extracted from the EXIF metadata, we estimate 
a similarity transformation with 7 degrees of freedom that maps 
the reconstruction into the joined ENU frame. This step provides 
the initial georeferencing of all cameras.

Fine alignment to the LiDAR reference The resulting sparse point 
cloud still exhibits a small rigid offset with respect to the Li-
DAR reference. We therefore refine the alignment with a rigid 
Iterative-Closest-Point (ICP) registration (Besl and McKay, 1992) 
between the sparse SfM cloud and the reference LiDAR scan.

Dense pose registration Finally, all of the remaining video frames 
are registered using COLMAP against the sparse reconstruction, 
yielding a dense georeferenced camera pose for each frame.

2 https://github.com/iVS3D/iVS3D

https://github.com/iVS3D/iVS3D
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Fig. 2. Camera trajectories (red lines) of the 14 videos with the corresponding section of the ground truth. The manually defined polygons used to crop the 
LiDAR point clouds are primarily based on the area covered, the flight altitude and the camera angle. The videos are arranged chronologically; from scene Main 
stage III onwards, the flights took place on Day 2.
All camera trajectories start at the first video frame, but some 
trajectories end early to remove unnecessary images like the landing se-
quence. The still images from the double-grid flights are georeferenced 
with the same procedure. The scenes are reconstructed with COLMAP, 
transformed into the ENU frame using the per-image GNSS positions, 
and rigidly aligned to the reference LiDAR scan with ICP, so that the 
resulting camera poses are located in the same common coordinate 
system.

Although an RTK base station was used and the recorded GNSS posi-
tions are of high absolute accuracy, we observe a residual rigid offset of 
up to approximately 1m between the SFM trajectory after the similarity 
transformation and the reference LiDAR scan. This offset does not 
reflect a limitation of the RTK positioning itself, but most likely results 
from a combination of systematic effects along the processing pipeline, 
6 
such as the unmodeled lever-arm between the RTK antenna and the 
camera, residual time-synchronization errors, small inaccuracies in the 
estimated similarity transformation, or slightly different systematic 
biases in the independent georeferencing of the LiDAR reference. As 
these effects appear predominantly as a global rigid shift rather than 
a scene-dependent deformation, they can be compensated by the rigid 
ICP alignment. After ICP, we no longer observe systematic offsets in 
our qualitative results that could be attributed to trajectory errors.

3.4. Setup of the evaluated approaches

We involve four MVS baselines: COLMAP (Schönberger et al., 2016) 
and ACMMP (Xu et al., 2022), which are conventional depth estimation 
methods; the learning-based MVSFormer++ (Cao et al., 2024); and 
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Fig. 3. Examples of challenging geometry. On the right side, the color-coded height map of the LiDAR scan is visualized.
Fig. 4. Dynamic scenes during data acquisition.
Fig. 5. RGB and thermal infrared still images from the double-grid flights.
PGSR, which leverages advanced scene representations via 3D Gaussian 
Splatting (3DGS) (Chen et al., 2025). For all methods, we use the full 
image resolution and otherwise default parameters. As camera poses, 
we use the 3 FPS trajectories, which means using every 10th image, 
starting with the first one.

The first baseline we use is COLMAP, as it is to this day a widely 
used open-source end-to-end SfM and MVS framework (Schönberger 
and Frahm, 2016; Schönberger et al., 2016). For SfM, it extracts Scale-
Invariant Feature Transform (SIFT) features (Lowe, 2004), matches 
them and performs incremental reconstruction with periodic global 
bundle adjustment. Both extrinsic and intrinsic parameters can be 
jointly estimated. For MVS, COLMAP uses a probabilistic PatchMatch 
stereo algorithm extending the work of Zheng et al. (2014) to jointly 
7 
estimate depth and normal vectors per pixel, guided by view selection 
priorities and using photometric consistency with geometric checks. 
The per-pixel depth and normal maps estimated by the PatchMatch 
stereo algorithm are fused into a dense 3D point cloud by applying 
photometric and geometric consistency checks across multiple views, 
together with visibility constraints.

MVS methods that rely on photometric consistency during dense im-
age matching often struggle in low-textured regions. ACMMP (Xu et al., 
2022) addresses this by unifying ACMH/ACMM/ACMP (Xu and Tao, 
2019, 2020) within one framework. In contrast to COLMAP’s proba-
bilistic view selection, ACMMP adopts adaptive checkerboard sampling 
and multi-hypothesis view selection to increase parallelism, enlarge 
the support region, and improve accuracy. A multi-scale, coarse-to-fine 
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strategy propagates reliable estimates from coarser to finer levels to 
reduce ambiguity in texture-poor areas. A planar prior further regular-
izes depth to improve completeness in low-textured regions. Similar to 
COLMAP, the estimated depth maps are combined into a consistent 3D 
point cloud by using depth reprojection geometric consistency filtering 
to discard unreliable points.

To tackle challenging geometries, more and more approaches are 
relying on Deep Neural Networks (DNNs) and thus a learning-based 
system to approach MVS. MVSFormer++ refines transformer models 
for MVS by using attention and positional encoding in each module 
(Cao et al., 2024). A frozen DINOv2 (Oquab et al., 2024) backbone 
is extended with a side view attention branch that incorporates cross-
view information using linear attention. For cost volume regularization, 
a pure transformer model replaces commonly used 3D CNNs, applying 
global attention and introducing a frustoconical 3D positional encoding 
and adaptive attention scaling to handle varying sequence lengths and 
to mitigate attention dilution. Like the authors, we use fusibile3 as 
the fusion method presented by Galliani et al. (2015). We use the 
checkpoint provided by the authors for evaluation on the Tanks and 
Temples dataset (Knapitsch et al., 2017). Here, the DTU and Blended-
MVS datasets are used as training data (Jensen et al., 2014; Yao et al., 
2020).

While the other three approaches all estimate depth maps for each 
image and then fuse them into a point cloud, advanced scene rep-
resentations such as NeRFs (Mildenhall et al., 2021) or 3DGS (Kerbl 
et al., 2023) use more complex representations of the entire 3D scene. 
However, the 3D geometry extracted from these is often unsatisfactory. 
PGSR (Chen et al., 2025) addresses this by flattening Gaussians along 
the smallest axis for regularization and ensuring geometric consistency 
via an additional MVS loss term. For comparability, we use the authors’ 
approach by rendering depth maps from the 3DGS representation and 
integrating them into a Truncated Signed Distance Function (TSDF) 
volume with a voxel size of 5 cm.

3.5. Evaluation metrics

As evaluation metrics, we use the L1 absolute error and the root-
mean-square error (RMSE) error to assess accuracy alongside the com-
pleteness to measure how well the reference data is covered. For 
completeness, a threshold value 𝜃 of 5 cm is chosen, as the images 
have a high resolution and comparatively low flight altitude, which 
results in a ground sampling distance (GSD) between 2 cm and 3 cm for 
the still images depending on the flight altitude. To make the results 
compatible with the DTU and Tanks and Temples datasets (Jensen 
et al., 2014; Knapitsch et al., 2017), the Chamfer distance and the F1-
Score are also specified. Since point clouds are inherently unordered 
data structures, to calculate each metric for each point, the nearest 
corresponding point in the other point cloud is selected. Because the 
LiDAR scan is significantly larger than the areas covered by individual 
videos, we define a convex polygon for each video scene, which is 
used to crop the ground truth and estimate before calculating the 
metrics. Additionally to compare point clouds of varying density, we 
perform voxel downsampling with a voxel resolution of 2.5 cm, which 
is calculated similarly to Knapitsch et al. (2017) from half the threshold 
value 𝜃 used to compute the completeness as well as F1-Score. The 
code for the evaluation routine can be found here 4. The metrics are 
formalized below: 

L1-abs
(

𝑒𝑠𝑡,𝑔𝑡
)

= 1
||

∑

p∈
|𝑒𝑠𝑡 (p) − 𝑔𝑡 (p) | (1)

RMSE
(

𝑒𝑠𝑡,𝑔𝑡
)

=
√

1
||

∑

p∈

(

𝑒𝑠𝑡 (p) − 𝑔𝑡 (p)
)2 (2)

3 https://github.com/YoYo000/fusibile
4 https://github.com/JB3D-Dataset/Multi-View-Stereo
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L1-abs
(

𝑒𝑠𝑡,𝑔𝑡
) and RMSE (𝑒𝑠𝑡,𝑔𝑡

) specify the distance between 
each point 𝑝 in the estimate 𝑒𝑠𝑡 to its nearest neighboring point in the 
ground truth point cloud 𝑔𝑡 averaged by the number of points  in 
the estimate. To exclude outliers, a threshold value of 90% is used to 
exclude the worst 10% for L1-abs and RMSE, like described by Seitz 
et al. (2006). 

Precision
(

𝑒𝑠𝑡,𝑔𝑡|𝜃
)

= 100
||

∑

p∈
|𝑒𝑠𝑡 (p) − 𝑔𝑡 (p) | < 𝜃 (3)

Recall
(

𝑒𝑠𝑡,𝑔𝑡|𝜃
)

= 100
||

∑

p∈
|𝑒𝑠𝑡 (p) − 𝑔𝑡 (p) | < 𝜃 (4)

F1-Score
(

𝑒𝑠𝑡,𝑔𝑡|𝜃
)

=
2Recall

(

𝑒𝑠𝑡,𝑔𝑡|𝜃
)

Precision
(

𝑒𝑠𝑡,𝑔𝑡|𝜃
)

Recall
(

𝑒𝑠𝑡,𝑔𝑡|𝜃
)

+ Precision
(

𝑒𝑠𝑡,𝑔𝑡|𝜃
) (5)

The F1-Score represents the harmonic mean between recall and 
precision. Analogous to the definition in Knapitsch et al. (2017), we 
calculate for each point in the estimate 𝑒𝑠𝑡 how far it is from a 
corresponding point in the ground truth point cloud 𝑔𝑡 and whether 
this distance is less than 𝜃. This ratio multiplied by 100 represents the 
precision metric. Similarly, for recall, starting from the ground truth 
point cloud 𝑔𝑡, we calculate how many points are within reach of 𝜃 to 
the estimated point cloud 𝑒𝑠𝑡. The completeness metric is equivalent to 
the recall but is usually represented in percent instead of a score from 
0 to 100. 
Chamfer

(

𝑒𝑠𝑡,𝑔𝑡
)

= 1
||

∑

p∈
|𝑒𝑠𝑡 (p) − 𝑔𝑡 (p) |+

1
||

∑

p∈
|𝑔𝑡 (p) − 𝑒𝑠𝑡 (p) | (6)

Another widely used metric combining both a measure for com-
pleteness and accuracy in one score is the Chamfer distance, which 
represents the symmetrical distance between the point clouds 𝑒𝑠𝑡 and 
𝑔𝑡.

4. Experimental results

In the following section, we evaluate the four baseline approaches 
by comparing the reconstructed point clouds with the LiDAR ground 
truth. Across all scenes, we use voxel downsampling with a resolu-
tion of 2.5 cm and a threshold value 𝜃 of 5 cm for completeness and 
F1-Score. The MVSFormer++ produces extremely large point clouds, 
which prevents evaluation on some large-scale scenes due to implemen-
tation limitations. In these cases, we reduce the point clouds to 3 billion 
points before cropping with the provided polygons. Since the results of 
PGSR are Gaussian splats, we first extract a mesh by rendering depth 
maps and projecting them into a TSDF voxel volume. To compare the 
results with the other methods, we then sample a point cloud from the 
surface. For comparability the number of points is based on the number 
of points reconstructed by ACMMP. This point cloud is then cropped 
using the defined polygon. Tables  4 and 5 show the quantitative results 
for each sequence split per day of the measurement campaign. Figs.  6
and 7 show qualitative results.

Although the individual scenes differ in terms of flight trajecto-
ries and content, trends in the performance of the methods can be 
identified. Especially in the case of the symmetric metrics of Chamfer 
distance and F1-Score, which take completeness and accuracy into ac-
count equally, the MVSFormer++ stands out and delivers better results 
than all other methods on most scenes, as can be seen in Tables  4 and
5. The completeness, which also contributes to the F1-Score as recall, is 
significantly higher using the MVSFormer++ across almost all scenes, 
which might explain these results. However, if a closer examination 
of the values for L1-abs and RMSE is conducted, it becomes apparent 
that the conventional methods COLMAP and ACMMP deliver more 
accurate results for every scene. Since the percentage difference of the 
RMSE is higher than that of L1-abs, it is reasonable to assume that the 
reconstructed point clouds of MVSFormer++ contain more outliers than 
the conventional methods. In addition, ACMMP consistently performs 
better in terms auf L1-abs and RMSE than COLMAP across almost all 
scenes.

https://github.com/YoYo000/fusibile
https://github.com/JB3D-Dataset/Multi-View-Stereo
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Table 4
Quantitative results of the reconstructed point clouds from Day 1. The results are ordered by video sequence, with the second-best result per column and scene 
highlighted underlined and the best result additionally by bold print. The number of points is listed after cropping but before voxel downsampling is applied. 
Cpl. denotes completeness and CD denotes Chamfer distance. 
 Scene Method Cpl. ↑ L1-abs ↓ RMSE ↓ CD ↓ F1-Score ↑ No. Points Runtime ↓ 
 in m in m in m in percent in min  
 

M
ai
n

st
ag
e I

COLMAP 0.3749 0.0877 0.1131 0.4875 36.50 30,442,580 191  
 ACMMP 0.4598 𝟎.𝟎𝟕𝟓𝟕 𝟎.𝟎𝟗𝟓𝟑 0.4970 𝟒𝟐.𝟖𝟎 105,904,717 𝟏𝟓𝟏  
 PGSR 0.2991 0.1271 0.1771 0.5876 29.74 104,186,194 320  
 MVSF++ 𝟎.𝟔𝟔𝟐𝟐 0.0969 0.1195 𝟎.𝟒𝟑𝟐𝟎 39.26 1,227,616,695 180  
 

 M
ai
n

st
ag
e I
I COLMAP 0.5175 0.0759 0.0997 0.2986 47.21 32,433,389 265  

 ACMMP 0.6219 𝟎.𝟎𝟔𝟒𝟏 𝟎.𝟎𝟖𝟎𝟕 0.2809 𝟓𝟒.𝟓𝟏 116,476,716 169  
 PGSR 0.4557 0.1029 0.1487 0.4026 42.11 58,215,170 329  
 MVSF++ 𝟎.𝟖𝟑𝟕𝟒 0.1003 0.1282 𝟎.𝟐𝟔𝟖𝟗 42.76 1,317,229,956 𝟏𝟎𝟏  
 

Fl
ig
ht

to
 en

tr
an
ce COLMAP 0.0940 𝟎.𝟎𝟗𝟕𝟖 𝟎.𝟏𝟐𝟓𝟏 0.8916 14.38 11,843,414 115  

 ACMMP 0.1238 0.1056 0.1380 1.0395 17.49 24,720,215 69  
 PGSR 0.1024 0.1862 0.2675 1.4728 14.01 23,635,190 284  
 MVSF++ 𝟎.𝟑𝟓𝟖𝟑 0.1083 0.1394 𝟎.𝟕𝟔𝟎𝟕 𝟑𝟏.𝟏𝟔 337,194,622 𝟑𝟏  
 

 En
tr
an
ce
 I COLMAP 0.4090 0.0890 0.1187 0.6081 38.72 80,629,251 601  

 ACMMP 0.4562 𝟎.𝟎𝟖𝟒𝟕 𝟎.𝟏𝟎𝟗𝟐 0.6039 40.16 182,198,498 411  
 PGSR 0.2738 0.2222 0.4353 1.3218 28.83 141,569,317 473  
 MVSF++ 𝟎.𝟔𝟗𝟐𝟓 0.0954 0.1242 𝟎.𝟓𝟑𝟑𝟔 𝟒𝟒.𝟏𝟓 1,491,293,674 𝟏𝟖𝟓  
 

Se
co
nd

st
ag
e I

COLMAP 0.3750 0.0465 0.0550 0.3417 45.23 28,656,167 228  
 ACMMP 0.4740 𝟎.𝟎𝟒𝟑𝟕 𝟎.𝟎𝟓𝟏𝟔 0.3495 53.01 89,421,442 160  
 PGSR 0.3662 0.0707 0.0956 0.4835 41.01 60,505,410 242  
 MVSF++ 𝟎.𝟕𝟎𝟐𝟕 0.0608 0.0721 𝟎.𝟐𝟗𝟕𝟐 𝟓𝟒.𝟎𝟔 1,049,621,579 𝟏𝟏𝟖  
 

 G
ar
de
n I COLMAP 0.3035 0.0553 0.0663 0.4297 37.83 59,891,846 364  

 ACMMP 0.3761 𝟎.𝟎𝟓𝟑𝟐 𝟎.𝟎𝟔𝟑𝟏 0.4659 43.39 147,043,957 273  
 PGSR 0.2962 0.0840 0.1151 0.6390 34.69 134,458,919 335  
 MVSF++ 𝟎.𝟔𝟔𝟎𝟎 0.0683 0.0817 𝟎.𝟑𝟔𝟒𝟕 𝟒𝟗.𝟓𝟐 1,763,536,880 𝟏𝟐𝟐  
 

 Fo
od

st
al
ls 
I COLMAP 0.3668 0.0617 0.0739 0.3158 40.38 47,876,793 269  

 ACMMP 0.4363 𝟎.𝟎𝟓𝟖𝟗 𝟎.𝟎𝟔𝟗𝟔 0.3389 45.00 120,689,162 177  
 PGSR 0.3029 0.0988 0.1338 0.4565 32.56 128,692,188 332  
 MVSF++ 𝟎.𝟕𝟎𝟒𝟖 0.0760 0.0916 𝟎.𝟐𝟕𝟒𝟓 𝟒𝟔.𝟗𝟗 1,473,521,911 𝟗𝟏  
 

 G
ar
de
n I
I COLMAP 0.4690 𝟎.𝟎𝟑𝟗𝟗 𝟎.𝟎𝟒𝟓𝟑 0.2554 54.26 23,169,515 155  

 ACMMP 0.5062 0.0402 0.0458 0.2580 56.44 60,818,422 102  
 PGSR 0.3481 0.0463 0.0540 0.3195 43.41 57,297,885 295  
 MVSF++ 𝟎.𝟕𝟒𝟑𝟎 0.0468 0.0539 𝟎.𝟐𝟏𝟏𝟒 𝟔𝟑.𝟗𝟎 748,753,837 𝟒𝟖  
Table 5
Quantitative results of the reconstructed point clouds from Day 2. The results are ordered by video sequence, with the second-best result per column and scene 
highlighted underlined and the best result additionally by bold print. The number of points is listed after cropping but before voxel downsampling is applied. 
Cpl. denotes completeness and CD denotes Chamfer distance.
 Scene Method Cpl. ↑ L1-abs ↓ RMSE ↓ CD ↓ F1-Score ↑ No. Points Runtime ↓ 
 in m in m in m in percent in min  
 

M
ai
n

st
ag
e I
II COLMAP 0.5451 0.0470 0.0599 0.2177 57.08 42,993,775 295  

 ACMMP 0.6317 𝟎.𝟎𝟒𝟐𝟎 𝟎.𝟎𝟓𝟐𝟎 0.2307 𝟔𝟑.𝟎𝟕 165,977,111 220  
 PGSR 0.4819 0.0699 0.1014 0.3430 50.02 104,209,140 290  
 MVSF++ 𝟎.𝟕𝟗𝟑𝟑 0.0634 0.0778 𝟎.𝟏𝟗𝟑𝟔 57.14 1,866,996,966 𝟏𝟏𝟓  
 

 En
tr
an
ce
 II COLMAP 0.3962 𝟎.𝟎𝟒𝟓𝟓 𝟎.𝟎𝟓𝟒𝟐 0.3808 47.49 43,033,958 287  

 ACMMP 0.4435 0.0481 0.0575 0.3830 49.77 111,911,799 210  
 PGSR 0.3075 0.0923 0.1422 0.7293 36.30 64,841,699 𝟐𝟐  
 MVSF++ 𝟎.𝟔𝟖𝟎𝟕 0.0642 0.0785 𝟎.𝟑𝟐𝟏𝟓 𝟓𝟑.𝟔𝟏 1,296,364,042 94  
 

 En
tr
an
ce
 II
I COLMAP 0.6056 𝟎.𝟎𝟑𝟔𝟒 𝟎.𝟎𝟒𝟑𝟎 𝟎.𝟏𝟕𝟐𝟔 64.42 46,578,574 270  

 ACMMP 0.6311 0.0386 0.0460 0.1800 64.55 133,270,322 201  
 PGSR 0.4479 0.0631 0.0924 0.4569 49.18 154,807,660 𝟏𝟖  
 MVSF++ 𝟎.𝟖𝟎𝟔𝟏 0.0502 0.0602 0.1732 𝟔𝟒.𝟗𝟓 1,487,794,705 95  
 

Se
co
nd

st
ag
e I
II COLMAP 0.4594 0.0498 0.0633 0.2257 50.97 53,761,062 428  

 ACMMP 0.5768 𝟎.𝟎𝟒𝟔𝟖 𝟎.𝟎𝟓𝟗𝟎 0.2336 𝟓𝟖.𝟑𝟗 184,737,038 319  
 PGSR 0.3338 0.0751 0.1035 0.4670 38.41 105,417,681 𝟑𝟎  
 MVSF++ 𝟎.𝟕𝟔𝟕𝟎 0.0678 0.0858 𝟎.𝟐𝟐𝟎𝟖 55.91 1,659,169,399 146  
 

Fo
od

st
al
ls 
II

COLMAP 0.3318 0.0438 0.0529 0.2662 43.03 21,120,005 142  
 ACMMP 0.4357 𝟎.𝟎𝟒𝟎𝟒 𝟎.𝟎𝟒𝟖𝟓 0.2527 52.01 58,025,449 102  
 PGSR 0.2890 0.0690 0.0899 0.3627 35.42 35,938,100 𝟏𝟓  
 MVSF++ 𝟎.𝟕𝟑𝟔𝟔 0.0558 0.0678 𝟎.𝟏𝟗𝟏𝟓 𝟓𝟗.𝟕𝟓 695,836,374 50  
 

Ga
rd
en

 II
I COLMAP 0.3188 0.0362 0.0415 0.3793 43.61 21,302,682 143  

 ACMMP 0.4258 𝟎.𝟎𝟑𝟒𝟔 𝟎.𝟎𝟒𝟎𝟏 0.3601 53.17 50,513,244 103  
 PGSR 0.3075 0.0523 0.0666 0.4636 39.60 36,144,080 𝟏𝟐  
 MVSF++ 𝟎.𝟔𝟒𝟖𝟏 0.0458 0.0535 𝟎.𝟑𝟏𝟐𝟐 𝟔𝟎.𝟖𝟑 691,210,743 46  
9 
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Fig. 6. Qualitative results of the reconstructed point clouds. The first row shows exemplary input images. The following rows display the results from the different 
methods rendered from the same perspective, with the error color coded.
In contrast, the results of PGSR fall short of those achieved by the 
other methods. However, despite the fact that PGSR is not primarily 
intended for 3D reconstruction, the gap is relatively small. In partic-
ular, integrating the rendered depth maps into a voxel volume with 
subsequent mesh extraction and point cloud sampling could distort the 
results favoring planar areas. As can be seen in the qualitative results of 
Figs.  6 and 7, a positive side effect of this approach could be that planar 
areas such as the ground level seem to be less error prone. This effect is 
particularly visible in the right column in Fig.  7. Even fine details, such 
as the radio mast visible in the middle column, can be reconstructed 
well by most methods. However, MVSFormer++ has difficulties with 
this, which may be related to the use of pre-trained weights and the 
lack of additional fine-tuning on our side. Not surprisingly in both
10 
Fig.  6 and Fig.  7 water areas are highly inaccurate in all experiments, 
as not only do the 3D reconstructions fail, but the LiDAR scan is also 
likely to be of poor quality there.

All experiments were conducted on one Nvidia L40, with the run 
time of all steps measured end-to-end. In the case of COLMAP, ACMMP, 
and MVSFormer++, this includes the fusion into a point cloud. For 
PGSR, it includes the rendering of the depth maps, TSDF volume 
integration and the extraction of the triangle meshes. When considering 
the run time, it should be noted that, unlike the other methods, PGSR 
does not have a clearly defined endpoint. Instead, 30,000 iterations are 
used, as in the default configuration. As can be seen from Tables  4 and
5, the MVSFormer++ is particularly fast in producing results, which is 
noteworthy given that it delivers very dense point clouds.



M. Hermann et al. ISPRS Open Journal of Photogrammetry and Remote Sensing 21 (2026) 100149 
Fig. 7. Qualitative results of the reconstructed point clouds. The first row shows exemplary input images. The following rows display the results from the different 
methods rendered from the same perspective, with the error color coded.
5. Discussion

As can be seen in the previous section, there are clear differences 
between the evaluated approaches. Although MVSFormer++ delivers 
the best F1-Score, this is in large part due to the much denser and 
more complete point clouds. If we look only at accuracy in the form 
of L1-abs and RMSE error, the conventional methods, and ACMMP in 
particular, perform significantly better. However, it should be noted 
that the standard parameterization is used for all methods. Particularly 
given the very large number of points resulting from MVSFormer++, 
it would probably be reasonable to increase the confidence threshold 
for the depth maps. The performance of MVSFormer++ is particularly 
11 
noteworthy, as we are using the weights and parameters from the Tanks 
and Temples configuration and only increasing the image resolution.

Improving the parameterization could also lead to significantly 
better results with PGSR, as the standard fusion approach integrates 
the depth maps into a TSDF volume and then extracts a triangle mesh. 
This step is sensitive, as the parameters for the voxel volume determine 
which details can be reconstructed at all. A different type of fusion 
or a direct evaluation of the depth maps could deliver better results. 
Despite the huge point clouds, MVSFormer++ is the method with the 
lowest runtime across all scenes. PGSR is faster in some scenes, but this 
is probably because 30,000 iterations are used by default, regardless 
of the number of images or the dimensions of the scene. Especially 
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Fig. 8. Novel view synthesis of challenging objects using PGSR. Both images were rendered from camera angles that differ from the video frames used for the 
reconstruction.
Fig. 9. Changes within the scene. On the left and center are two LiDAR scans from Day 1 and Day 2 displayed. On the right side, the changes are color coded. 
Red highlights major changes, while blue symbolizes no significant changes.
in larger scenes, more iterations could lead to better results, while in 
smaller scenes, early stopping could lead to shorter run times. While 
PGSR does not produce the best results in terms of geometric quality, 
the Gaussian splatting output is visually very appealing, as can be seen 
in novel view synthesis experiments shown in Fig.  8. The photorealistic 
representation of fine details such as grids, ladders, and vegetation is a 
major advantage over the other approaches.

While we only examined 3D reconstruction in Section 4, the dataset 
also opens the possibility of detecting changes over time, as LiDAR 
scans, videos, and still images are all referenced in one coordinate 
system. In addition, the measurement campaign spans two days, and 
all areas are covered on both days. A simple method of annotating 
changes is the comparison of the LiDAR scans from the two days with 
each other. Fig.  9 shows this by displaying renderings of the colored 
LiDAR scans from Day 1 and Day 2. Obvious changes, such as the newly 
arrived trucks at the bottom center or the additional food stalls, appear 
in red in the point cloud in the right column.

While we have only evaluated the reconstructed point clouds in this 
work, the LiDAR point clouds can also be projected onto the image 
plane using the provided camera poses to render artificial ground truth 
depth maps. A corresponding script for this can be found here: 5. 
Since the dataset includes 30 FPS camera trajectories in addition to the 
LiDAR point clouds, SfM methods could also be evaluated. However, 
there is a limitation here in that these trajectories were also created 
photogrammetrically without additional tools like laser range finder 
or Terrestrial Laser Scanner (TLS). Another limitation of the dataset 
is the dynamic elements such as vehicles and people, which can be 
challenging for 3D reconstruction methods. But such dynamic objects 
are of course interesting for other downstream tasks.

As evident from the quantitative results in Tables  4 and 5, the 
choice of evaluation metric significantly affects the outcome, since 
different considerations underlie each metric. By evaluating only the 
best 90% of points for L1-abs and RMSE, we mainly measure inlier 

5 https://github.com/JB3D-Dataset/Multi-View-Stereo
12 
accuracy with these metrics. In contrast, the Chamfer distance eval-
uates all points, including outliers. To assess the completeness of a 
reconstructed model, the coverage of the ground truth point cloud 
is measured. If a point cloud is filtered more aggressively, the L1-
abs/RMSE is usually lower, but the completeness decreases at the same 
time. Ideally, a better methodology would have a lower error rate 
and a higher degree of completeness. Surprisingly, COLMAP achieves a 
lower Chamfer distance than ACMMP, despite ACMMP having both a 
lower L1-abs/RMSE error and a higher completeness value. This could 
be due to the symmetrical weighting of the Chamfer distance and a 
different distribution of outliers, which may have a heavier tail of bad 
points. Similarly, the F1-Score equally weighs completeness/recall and 
precision, resulting in the MVSFormer++ achieving very good results 
due to its high completeness despite noticeably worse L1-abs/RMSE 
values. The higher error can also be seen in the qualitative results in the 
last row of Figs.  6 and 7. While it is advantageous that the Chamfer dis-
tance and F1-Score represent a combined value that simplifies method 
comparison, many use cases likely require different weighting, which is 
facilitated by splitting them into two metrics. For example, tasks such as 
land surveying may prioritize accuracy, while visualization applications 
require a more complete reconstruction.

6. Conclusion

In conclusion, we present the first aerial dataset that includes 
videos, LiDAR point clouds and georeferenced 30 FPS camera trajec-
tories for benchmarking MVS methods. In addition, we provide the 
employed evaluation routines 6. As a baseline, we examined both 
conventional methods in the form of COLMAP and ACMMP, as well 
as learning-based methods such as MVSFormer++, and PGSR relying 
on an advanced scene representation. Although PGSR performs slightly 
worse than the rest, it is primarily intended for creating photorealistic 
models using Gaussian splatting. MVSFormer++ achieves the highest 
F1-Score and completeness across all scenes with a comparatively 

6 https://github.com/JB3D-Dataset/Multi-View-Stereo

https://github.com/JB3D-Dataset/Multi-View-Stereo
https://github.com/JB3D-Dataset/Multi-View-Stereo


M. Hermann et al. ISPRS Open Journal of Photogrammetry and Remote Sensing 21 (2026) 100149 
low runtime. However, ACMMP achieves significantly lower errors for 
L1-abs and RMSE.

We also provide 5000 high-resolution still images that were used 
to map the area, 3000 of which have simultaneously captured thermal 
infrared images. In addition, we provided five other videos with regis-
tered camera trajectories that are either too challenging for MVS or lie 
outside the LiDAR coverage. Since the dataset was recorded over two 
days, changes are visible in the scene, which opens the possibility of 
performing change detection. This is further facilitated by the fact that 
all videos, still images, and LiDAR scans are referenced in one single 
joint coordinate system.
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