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Abstract. Recent techniques like neural radiance fields (NeRFs) and
3D Gaussian splatting (3DGS) have led to significant improvements in
novel view synthesis. Whereas the explicit scene representation of 3DGS
in terms of Gaussians allows real-time rendering with state-of-the-art
quality, this approach relies on the availability of many views to achieve
a coherent scene representation. In this paper, we investigate the impor-
tance of accurate camera poses and demonstrate that this even allows
for accurate scene representation based on 3D Gaussian Splatting in a
sparse-view setting. For this purpose, we address accurate pose estima-
tion by employing a measurement arm equipped with a camera, achieving
precise camera-pose estimates with sub-millimeter accuracy. Based on a
newly introduced dataset (Core dataset) with its accurate pose infor-
mation, we demonstrate superior quality in terms of quality of rendered
novel views in comparison to results achieved based on calibrations with
Dust3R-based and COLMAP-based initializations of the 3D Gaussians.
Thereby, our approach offers a reliable and effective solution to practical,
sparse-view reconstruction for the preservation of cultural heritage arti-
facts, which is particularly relevant in applications like virtual museums
and archaeology. Furthermore, we expect our Core dataset to serve as
a reasonable benchmark, advancing the understanding and development
of robust 3D reconstruction methods.

Keywords: 3D Reconstruction - Gaussian splatting + Novel view
synthesis + Pose estimation * Digital restoration * Digital twins

1 Introduction

®

Check for
updates

Digital twins play a crucial role in preserving and studying cultural heritage
by offering precise representations and enabling remote accessibility [16]. This
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technology has significant applications in fields such as virtual museums, archae-
ology, paleontology, and physical anthropology, enhancing processes and facili-
tating research, education, and preservation efforts. Recent advancements in Al
methods have played a crucial role in creating and analyzing digital twins, mak-
ing the process more efficient and inclusive for non-specialists. This combination
of digital twins, A, and user-friendly technologies addresses reproducibility and
enables the rapid creation of site-specific digital twins to preserve endangered
cultural artifacts and sites. Digital restoration using 3D reconstruction enables
the virtual restoration of cultural relics, such as the Bodhidharma polychrome
sculpture from the Lingyan Temple in China [40], by combining scientific anal-
yses, simulation experiments, 3D scanning, and multi-view 3D reconstruction,
offering a new perspective for archaeology, art history, and cultural heritage
research.

In cultural heritage applications, evaluating reconstruction techniques is cru-
cial for ensuring reliable and effective 3D models. To overcome challenges like
specularity and lack of distinctive features, researchers have developed light-
ing models and reconstruction techniques based on differentiable rendering [19].
However, when creating digital twins of human remains, various 3D technologies
like Computed tomography (CT), laser scanners, and photogrammetry are com-
monly employed. While CT provides complete volume capture, it can be expen-
sive and inaccessible. Photogrammetry, particularly Structure-from-Motion, is
more affordable and portable but may lack accuracy compared to laser scanner-
derived models. In recent years, learning-based scene representation and render-
ing methods such as neural radiance fields [27] and 3D Gaussian splatting [21]
have gained a lot of attention. In particular, 3D Gaussian splatting has been
demonstrated to allow accurate scene representation and visualization in real
time, while also facilitating interpretability and editing due to the underly-
ing explicit scene representation in terms of 3D Gaussians. The number and
arrangement of these Gaussians is optimized by incorporating an imaging model,
that allows synthesizing images from the underlying Gaussian representation in
3D space, in the optimization of the Gaussians with the goal of matching the
appearance in the input images with the images synthesized under the respec-
tive camera poses. Combining 3D Gaussian splatting with an initialization based
on DUST3R [46] even allowed accurate scene representation for scenarios with
limited viewpoints [10].

In this paper, we aim at investigating the importance of accurate cam-
era poses for accurate scene representation based on 3D Gaussian Splatting
in a sparse-view setting. To address the challenge of accurate pose estima-
tion, our approach incorporates a measurement arm equipped with a camera
[22], providing pose measurements with sub-millimeter accuracy. We achieve
this using Hand-Eye-Calibration which allows the camera-poses to be derived
from the measurement-arm (measurement-tip) poses. Utilizing this setup, we
generate 3D reconstructions for our newly introduced cultural heritage statue
dataset, referred to as the Core dataset [20], and demonstrate the potential
of our approach in comparison to the alternatives of using other learning-based



Measurement-Arm-Camera Gaussian 237

initializations like DUST3R [46] or standard Structure-from-Motion (SfM) based
initialization as obtained by COLMAP [35]. In particular, our method demon-
strates superior performance by achieving higher accuracy and better alignment
of reconstructed models compared to DUST3R and COLMAP. This advance-
ment in accurate pose estimation, facilitated by the integration of a measure-
ment arm and calibrated camera, contributes to the field of cultural heritage
research and preservation, providing more reliable digital representations of cul-
tural artifacts and statues.
In summary, our main contributions are as follows:

— We present an accurately calibrated measurement-arm-camera (MAC) setup
to accurately generate splats using 3D Gaussian Splatting (3DGS), thereby
enabling improved sparse-view 3D reconstruction in various applications,
including cultural heritage preservation and research.

— We demonstrate the potential of our approach with respect to other alterna-
tives such as the initialization of 3D Gaussian splatting based on DUST3R [46]
and COLMAP [35], where we show our approach to achieve higher accuracy
and a better alignment of the reconstructed model.

— We introduce the Core dataset, which provides accurate poses and has the
potential to significantly advance the research community’s understanding
and improvement of 3D reconstruction methods in cultural heritage applica-
tions. By using this benchmark dataset, researchers can evaluate their algo-
rithms and we will make this dataset available on our website.

2 Related Work

In this section, we briefly review developments on radiance based scene repre-
sentation and novel view generation as well as 6D pose estimation for recent
learning-based approaches (i.e., NeRFs and 3DGS).

2.1 Radiance Based Scene Representation and Novel View
Generation

The Neural radiance fields (NeRF) approach [27] represents the scene using a
neural network that predicts local density and view-dependent color for points
in the scene volume. These predictions are used to synthesize images through
volume rendering techniques. The network is trained by optimizing the pre-
dicted images to match the given input images, refining its representation of the
scene. Extensions of NeRF address rendering quality issues like aliasing [2—4,44]
and accelerate network training [7,12,28,32,53]. There are also efforts to handle
complex inputs such as unconstrained image collections [8,18,25], camera pose
refinement [17,23,48,55], deformable scenes [30,31], and large-scale scenarios
[26,38,42]. Techniques using depth cues have been developed to guide training
and handle textureless regions [1,9,33,34,49].
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Alternative approaches to scene representation include implicit surfaces
[14,45,47], explicit representations using points [51], meshes [29], and 3D Gaus-
sians [21]. Point-based neural rendering techniques like Point-NeRF [51] combine
the precise view synthesis of NeRF with the fast scene reconstruction capabilities
of multi-view stereo methods. These techniques utilize neural 3D point clouds
to enable efficient rendering and accelerated training. Point-based methods have
also shown promise for scene editing [56]. A recent state-of-the-art method called
3D Gaussian Splatting (3DGS) [21] surpasses existing implicit neural representa-
tion methods in both quality and efficiency. It employs anisotropic 3D Gaussians
as an explicit scene representation and a fast differentiable rasterizer for image
rendering.

2.2 6D Camera Pose Estimation

The practical application of NeRFs and 3DGS is limited due to the requirement
of densely captured images and heavy reliance on COLMAP [35,36] for initially
providing poses, which demands users with photography expertise and significant
computing resources. Furthermore, SfM errors can impact the quality of the 3D
representation, leading to potential failures when images lack sufficient overlap
and detailed textures. To overcome this challenge, researchers have introduced
regularization techniques to optimize the radiance fields and address the need
for an adequate number of views.

Structure-from-Motion (SfM) [35] is a technique used to reconstruct sparse
3D maps from a set of images while simultaneously determining camera parame-
ters. The traditional pipeline involves keypoint matching [5,6] and bundle adjust-
ment, but recent enhancements have incorporated learning-based techniques to
improve feature description, image matching, feature refinement, and bundle
adjustment [24,39,43,50]. However, the sequential nature of the SfM pipeline
can still be susceptible to noise and errors in each component that may influence
the subsequent steps. Furthermore, the recently presented DUSt3R [46] operates
without prior information about camera calibration or viewpoint poses, utilizing
a regression-based approach for end-to-end 3D reconstruction, unifying monocu-
lar and binocular reconstruction cases, and employing a global alignment strat-
egy. Besides leveraging a powerful pre-trained model trained on several indoor
and outdoor datasets, DUST3R, involves a sophisticated architecture based on
transformer encoders and decoders, resulting in state-of-the-art performance in
depth estimation and relative pose estimation.

Once camera parameters have been computed, dense scene reconstruction
can be approached based on standard Multi-View Stereo (MVS) approaches [37,
52,54] or the aforementioned learning-based approaches based on NeRF's [27] and
3DGS [21]. While COLMAP serves as a standard initialization for 3DGS [21],
InstantSplat [10] leverages an initialization based on DUST3R [46] to enable
rapid scene reconstruction from sparse-view, unposed images. However, it should
be noted that InstantSplat [10] has limitations in scenes with a large number of
images, as it requires globally aligned point clouds.
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To address the limitations of multi-view stereo and structure-from-motion-
based pose estimation, we introduce a measurement-arm-camera (MAC) setup
[11] which leverages the highly accurate poses delivered by the measurement-
arm and a hand-eye calibration [41] to provide accurate camera-poses (Fig.2).
This calibrated setup with accurate camera-poses can be utilized for improved
multi-view reconstruction using 3DGS. Both metrology (measurement-arm) and
(hand-eye) calibration bring a high-degree of certainty to the camera-pose esti-
mation task and therefore help overcome the challenges associated with tra-
ditional pose estimation techniques. Thus, the accuracy and reliability of the
multi-view reconstruction process can be enhanced greatly.

Accurate Poses
Process captured (with sub-
Data to get -

A s millimeter

Gaussian
Splatting

f - Framework
f; [
el e /
o%
o000 0
z 090
Capture Data at different Multi-view images

views Initialize
(Random Point cloud)

Render Novel
Views

Fig. 1. Pipeline for capturing and generating novel views using Measurement-arm-
camera (MAC) and 3D Gaussian splatting

3 Methodology

In this section, we present a pipeline (Fig.1) that involves the development of
a measurement-arm-camera setup to accurately capture datasets for generating
splats using a 3D Gaussian splatting framework. Using our setup, we capture
highly accurate poses from different viewpoints along with corresponding images
from the attached camera. This data is then processed and converted into a
format compatible with the 3D Gaussian Splatting (3DGS) pipeline for training.

3.1 Measurement-Camera-Arm

Our Measurement-Arm-Camera setup consists of a Faro Platinum (P12 7-Axis)
measurement arm with an accuracy rating (single-point-accuracy) of 0.073 mm.
The camera is a uFEye UI324xML-C camera with an image resolution of 1280 x
1024 pixels. The camera is attached to the measurement arm tip using a specially
printed adapter. We employ a Hand-Eye-Calibration tool-chain which processes
calibration data in the following steps:
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— Synchronization of the measurement arm tip and the camera poses (obtained
using Charuco-Board [13] tracking)

— Calculation of initial Hand-Eye-Calibration.

— Outlier removal.

— Calculation of final Hand-Eye-Calibration. (The Hand-Eye-Calibration is
done using [15])

The final calibration has residuals in the sub-millimeter (translation compo-
nent) and sub-degree (rotation component) ranges.

tip2base

a) Measurement-Arm Base (considered world origin) b) Measurement-Tip c) Camera Coordinate-System

tip2base: The pose of the Measurement-Tip in the Measurement-Arm Base Coordinate-System.
cam2tip: The pose of the Camera in the Measurement-Tip Coordinate-System obtained using the Hand-Eye-Calibration.

Fig. 2. Measurement-Arm-Camera setup showing the different coordinate-systems and
transformations.

Using this calibration, a highly-accurate estimate of the pose of the cam-
era relative to the measurement-arm tip is obtained. This combined with the
extremely accurate measurement arm tip pose obtained from the measurement
arm, allows a very high-precision estimate of the camera pose (relative to the
measurement arm) to be determined during data capture. A slight inaccuracy
can be introduced by the asynchronous data streams of the two devices, but this
is eliminated by capturing data-pairs (measurement arm tip pose and camera
image) from the devices while the camera-tip combination is held still.

Thus the data-capture process consists of capturing snapshots of the mea-
surement tip and camera as pose-image pairs from different locations around the
object of interest, by holding the camera still at these locations and capturing a
snapshot by pressing a button on the measurement arm grip.
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The captured data is then processed to calculate the camera poses (using the
pose of the measurement arm tip and the Hand-Eye-Calibration) and these are
stored in a COLMAP format, to be loaded in the Gaussian splatting pipeline
and used to train the 3D Gaussian Splats. The camera intrinsics calculated to
use during the camera-pose estimation part of the Hand-Eye-Calibration are also
provided in the same COLMAP format to the Gaussian Splatting pipeline.

3.2 Gaussian Splatting

After data creation and initialization using our MAC setup, we follow the origi-
nal 3D Gaussian Splatting formulation [21] for scene representation and render-
ing. Training is conducted with default parameters and learning rates of 0.0025
for spherical harmonics features, 0.05 for opacity adjustments, 0.005 for scaling
operations, and 0.001 for rotation transformations. The training procedure con-
sists of 30,000 iterations using an NVIDIA RTX3090 GPU. The total loss for
optimization is defined by the following Eq. 1 as in the original implementation:

L=1-=XLi+ALp_ssim (1)
Here, A\ is set to 0.2 by default. L; represents the L1-Norm of the per-pixel
color difference, and Lp_ggras represents the Lp_ggras term [21].

Fig. 3. Core dataset [20] with different view directions

4 Experiments

We perform both quantitative analysis (PSNR, SSIM and LPIPS) and quali-
tative analysis on our novel Core dataset as well as comparisons to baseline
approaches to evaluate the potential of our methodology.
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4.1 Dataset

Using a measurement camera arm setup, we generated a novel dataset (Core
dataset) by capturing images and corresponding poses, with a snapshot of some
views shown in Fig. 3. We created a sparse dataset with 11 views with accurate
poses.

4.2 Competing Baseline Methods

To demonstrate the potential of our approach, we perform comparisons to two
different baseline approaches.

As the first baseline, we use conventional Structure-from-Motion (SfM) [35]
as implemented in COLMAP and used for the initialization of the original 3D
Gaussian Splatting approach [21]. SfM calculates and matches point correspon-
dences in overlapping images, resulting in a sparse 3D reconstruction of the scene
and camera parameters (including camera poses and intrinsics). In the initial-
ization of Gaussian Splatting, the respective camera parameters are associated
with the respective images and the sparse point cloud is used as initialization
for the 3D Gaussians, which are afterwards adjusted in their number, shape and
arrangement during optimization to create a dense reconstruction.

As a second baseline, we use DUST3R [46], a recent learning-based end-to-
end approach for 3D scene reconstruction. This is motivated by the fact that
the emergence of deep learning-based dense stereo frameworks has revolution-
ized depth map prediction, significantly reducing processing times to millisec-
onds and, hence, offering improved efficiency over the time-consuming Structure-
from-Motion (SfM) process and offering remarkable improvements in accelerat-
ing stereo matching. DUSt3R [46] employs an efficient optimization technique
to solve for dense per-view pixel-to-3D mappings that can be used for camera
calibration, depth estimation and dense 3D reconstruction, while also providing
confidence maps to indicate the reliability of the reconstruction. The approach
involves a sophisticated transformer-based network architecture that has been
trained based on multiple indoor and outdoor datasets.

4.3 Quantitative Analysis

The quantitative analysis is presented in Table 1. The table presents quantita-
tive comparisons (PSNR, SSIM, LPIPS) for different numbers of views used for
scene reconstruction, comparing the performance of DUST3R, COLMAP, and
our approach. Our method consistently outperforms the other two baselines in
terms of PSNR and SSIM, indicating higher image quality and a higher sim-
ilarity to ground truth. Additionally, our approach achieves the lowest LPIPS
scores, indicating better perceptual similarity to the reference images.

4.4 Qualitative Analysis

During our qualitative analysis, we compared the pixel differences between the
rendered images and ground-truth images using heat-maps. Figure4 demon-
strates the differences observed when all captured sparse-views were utilized,
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1.0
0.8

Ground Truth
(6T) 06

0.4

0.2

0.0

Ground Truth
(GT)

Dust3R COLMAP Ours

Fig. 4. Qualitative analysis with two different test poses on the training result trained
on all multi-view images

Table 1. Quantitative Comparisons (PSNR / SSIM / LPIPS) for different number of
views used for scene reconstruction.

Number of views Dust3R‘COLMAP’ Ours
PSNR 71
11 40.055 | 39.708 |41.418
8 40.789 | 41.433 |42.415
40.929 - 41.989
40.386 - 40.395
SSIM 1
11 0.950 0.954 |0.964
8 0.956 0.964 |0.969
0.956 - 0.969
0.953 - 0.954
LPIPS |
11 0.195 0.223 1 0.155
0.168 0.185 |0.128
0.164 - 0.124
0.190 - 0.195
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8 Multi-view Lo

- - -

Dust3R COLMAP Ours

Ground Truth
(67

3 Multi-view
6 Multi-view Images

- - - - -

Dust3R Ours Dust3R Ours

Fig. 5. Qualitative analysis on the training result trained on different multi-view images

while Fig. 5 illustrates the variations when using different numbers of views (8, 6,
and 3). The heat-maps clearly indicate that both DUST3R, and our method out-
perform COLMAP in terms of rendering using 3DGS. Additionally, our method
shows improved reconstruction quality when compared with DUST3R, particu-
larly with fewer views, as evident from the heat-map analysis.

5 Limitations

The limitations of our method include the need to improve the initialization
process of the point cloud to achieve better convergence. Currently, the initial-
ization of 3D Gaussian splatting with COLMAP leads to faster convergence
compared to our method and Dust3R. However, it is important to note that
the rendered outputs is not as accurate after completing the full training of
30000 iterations. Furthermore, our evaluation did not include a comprehensive
analysis of the results with the different methods for a large number of views,
where COLMAP typically performs better in reconstructing poses than for the
sparse-view scenario. Nevertheless, our method specifically addresses the chal-
lenge of 3D reconstruction from sparse views in cultural heritage applications,
where limited availability of past data is a significant constraint.

6 Conclusion

In conclusion, this study presents a novel approach for 3D reconstruction in
cultural heritage preservation. By integrating a measurement arm with a cali-
brated camera (MAC setup) we provide an approach to high-quality initializa-
tion of 3D Gaussian Splatting (3D GS) improving over pose estimation accuracy
and model alignment accuracy provided by existing methods like COLMAP [35]
and DUST3R [46]. Thereby, our approach also improves the accuracy of scene
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representation and rendering based on 3D Gaussian Splatting [21]. Based on
both qualitative and quantitative evaluation, we validate the effectiveness of
our method, where we confirm improved reconstruction quality, even with fewer
views. The introduction of the Core dataset, with accurate poses, contributes
to advancing 3D reconstruction methods in cultural heritage applications. This
research addresses current challenges in 3D reconstruction and establishes a
foundation for reliable and efficient cultural heritage preservation and analy-
sis. Future work includes real-time reconstruction and optimizing view selection
for accurate geometry reconstruction using the free capture of the measurement
arm.

Acknowledgement. The work in this paper was partially funded by the European
Commission for the PERCEIVE project (grant agreement 101061157).
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