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ABSTRACT

This thesis focuses on 3D scene reconstruction using multi-view imaging techniques and 4D
Gaussian Splatting. The main objective is to develop a complete pipeline that starts from syn-
chronized image acquisition using multiple Intel RealSense cameras and results in the generation
of 3D representations and rendered videos.

Initially, a suitable Ubuntu-based environment was installed and configured, including all neces-
sary tools and libraries such as COLMAP, Python, OpenCV, PyTorch, and the Intel RealSense
SDK. Data acquisition was carried out at the CYENS Centre of Excellence, where multiple In-
tel RealSense cameras were used to capture synchronized RGB, depth, and infrared data from
different viewpoints.

Following data acquisition, the captured images were converted, organized, and preprocessed
into a structure suitable for COLMAP. COLMAP was then used for camera pose estimation
and sparse 3D reconstruction, producing registered camera views and sparse point cloud repre-
sentations. The resulting camera parameters and registered images were further processed and
converted into transformation files compatible with the 4D Gaussian Splatting framework.

In addition to the local development environment, part of the computational workflow was ex-
ecuted on a High Performance Computing (HPC) cluster using Slurm batch jobs. This allowed
the use of shared storage for large datasets and GPU resources for the training and rendering
stages. Among the tested configurations, the best overall result was obtained using 11 cameras
with 39 frames per camera. From a total of 429 input images, COLMAP successfully registered
388 images, producing a sparse reconstruction with 25,656 points and a mean reprojection error
of 1.159901 pixels. The trained 4D Gaussian Splatting model generated a 14-second rendered
video with high visual quality, demonstrating that this configuration provided the most effective
balance between viewpoint diversity and temporal sampling.

The study also investigates the impact of different parameters, such as the number of cameras,
the number of frames per camera, and the balance of frame distribution across cameras, on re-
construction quality. The results demonstrate that an appropriate balance between viewpoint
diversity and temporal sampling significantly affects both rendering quality and geometric ac-
curacy.

The experiments demonstrate that balanced multi-camera configurations with sufficient tempo-
ral coverage produce more stable reconstructions and improved rendering quality compared to
sparse or imbalanced datasets. Overall, the proposed workflow demonstrates the practical inte-
gration of COLMAP and 4D Gaussian Splatting for dynamic multi-view scene reconstruction
using synchronized multi-camera capture systems.
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1 Introduction

In recent years, 3D reconstruction has become an essential field in computer vision, enabling
the creation of digital representations of real-world objects and environments. The ability to
reconstruct 3D scenes from 2D images has numerous applications, including virtual reality,
augmented reality, robotics, medical imaging, and digital content creation.

Traditional approaches to 3D reconstruction rely on multi-view geometry techniques such as
Structure from Motion (SfM) and Multi-View Stereo (MVS). These methods estimate camera
positions and reconstruct sparse or dense point clouds based on feature matching across multi-
ple images. While effective, such approaches often struggle with complex lighting conditions,
textureless regions, and dynamic scenes.

Recently, neural rendering methods, such as Neural Radiance Fields (NeRF), have significantly
improved the quality of 3D reconstruction by learning continuous scene representations. How-
ever, these methods can be computationally expensive and slow to train and render. More re-
cently, Gaussian Splatting has emerged as a powerful alternative, offering high-quality real-time
rendering by representing the scene as a collection of anisotropic Gaussians [1].

This thesis investigates the use of multi-view image data captured with Intel RealSense cameras
for 3D and 4D scene reconstruction. The work follows a complete practical pipeline, starting
from synchronized data acquisition and image preprocessing, continuing with camera pose esti-
mation and sparse reconstruction using COLMAP, and finally training a 4D Gaussian Splatting
model for scene representation and rendering [2]. In addition, part of the computational work-
flow was executed on a High Performance Computing (HPC) cluster using Slurm, allowing the
processing of larger datasets and GPU-based training.

1.1 Motivation / Overview
This work focuses on the implementation of a multi-view 3D reconstruction pipeline using mod-
ern techniques in computer vision and neural rendering. A custom dataset is created by capturing
images from multiple viewpoints using Intel RealSense cameras. The use of multiple cameras
enables improved scene coverage and reconstruction accuracy.

The motivation behind this project is to examine how real multi-camera data can be transformed
into a format suitable for modern neural rendering methods. In practical reconstruction scenar-
ios, the quality of the final result depends not only on the reconstruction algorithm itself, but also
on the quality, organization, synchronization, and distribution of the captured images. For this
reason, this thesis also considers the preprocessing and dataset preparation stages as essential
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parts of the reconstruction pipeline.

Furthermore, the use of 4D Gaussian Splatting introduces the possibility of representing scenes
with a temporal component. This is particularly relevant for datasets captured from multiple
synchronized viewpoints, where both spatial coverage and temporal sampling can influence the
quality of the reconstructed scene and the generated renderings.

1.2 Purpose of the Work
The main objective of this project is to investigate the impact of camera configuration and dataset
characteristics on the quality of the reconstructed 3D scene. In particular, the effect of varying
the number of cameras and the number of captured images is examined in terms of rendering
quality and geometric consistency.

More specifically, the work aims to develop and evaluate a complete pipeline that converts raw
multi-camera image data into a structure suitable for COLMAP and 4D Gaussian Splatting. This
includes the organization of captured images, the estimation of camera poses, the generation of
sparse reconstructions, the creation of transformation files required by the training framework,
and the execution of the training process on GPU resources.

A further goal is to identify how different dataset configurations affect reconstruction stability.
For this reason, several experimental setups are considered, including datasets with different
numbers of cameras, different numbers of frames per camera, and imbalanced frame distribu-
tions.

1.3 Methodology and Contributions
In this work, a reconstruction pipeline is implemented using COLMAP for camera pose esti-
mation and 4D Gaussian Splatting for scene representation and rendering [1]. Additionally, a
custom Python script is developed to automatically organize and preprocess the captured images
[3], ensuring proper formatting and synchronization.

The configuration and operation of the cameras follow the official Intel RealSense guidelines
[4]. After acquisition, the captured data are reorganized into a COLMAP-compatible structure,
and COLMAP is used to extract features, match images, estimate camera poses, and generate
sparse 3D reconstructions. The registered images and camera parameters are then converted into
transformation files compatible with the 4D Gaussian Splatting framework.

An additional part of the methodology involves the use of an HPC cluster environment. The
computationally demanding stages, including COLMAP reconstruction and 4D Gaussian Splat-
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ting training, are executed through Slurm batch scripts. This enables the use of shared storage
for large datasets and GPU nodes for the training stage.

The main contributions of this work include:

• Development of a multi-camera data acquisition setup using Intel RealSense cameras.

• Implementation of an automated preprocessing pipeline for organizing captured images.

• Preparation of COLMAP-compatible datasets from multi-camera image sequences.

• Estimation of camera poses and sparse reconstructions using COLMAP.

• Conversion of COLMAP outputs into transformation files suitable for 4D Gaussian Splat-
ting training.

• Execution of the reconstruction and training pipeline on an HPC cluster using Slurm.

• Evaluation of reconstruction quality under different dataset configurations.

1.4 Outline / Document Structure
The remainder of this document is organized as follows. Chapter 2 presents the theoretical
background and related work, including the main concepts related to multi-view reconstruction,
COLMAP, and Gaussian Splatting. Chapter 3 describes the system architecture and imple-
mentation details, including data acquisition, preprocessing, COLMAP reconstruction, and 4D
Gaussian Splatting training. Chapter 4 presents the experimental setup and discusses the results
obtained from different camera and frame configurations. Finally, Chapter 5 concludes the work
and discusses limitations and possible future directions.
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2 Background and Related Work

This chapter presents the theoretical background and related technologies required for under-
standing the methodology followed in this thesis. The main concepts include multi-view 3D re-
construction, Structure from Motion, camera pose estimation, neural rendering, Gaussian Splat-
ting, and the use of Intel RealSense cameras for multi-modal data acquisition.

2.1 3D Reconstruction
3D reconstruction is a fundamental task in computer vision that aims to recover the three-
dimensional structure of a scene or object from two-dimensional image data. The goal is to
create a digital representation that approximates the geometry and appearance of the real-world
scene.

Depending on the available data and the reconstruction method, the output may take different
forms, such as sparse point clouds, dense point clouds, meshes, volumetric representations, or
neural scene representations. Sparse point clouds provide a set of 3D points corresponding to
matched visual features, while denser representations attempt to recover a more complete surface
or appearance model of the scene.

In this thesis, 3D reconstruction is approached through a multi-view imaging pipeline, where
images are captured from several viewpoints using multiple cameras. These images are then
processed to estimate camera positions and reconstruct the observed scene.

2.2 Multi-View Imaging
Multi-view imaging refers to the process of capturing a scene from multiple viewpoints. Instead
of relying on a single image, multiple images provide additional geometric information, allowing
the system to infer depth and spatial structure more accurately.

The main advantage of a multi-view setup is that the same scene points can be observed from
different camera positions. By identifying correspondences between images, it becomes pos-
sible to estimate both the relative camera poses and the 3D positions of the observed points.
This principle is widely used in photogrammetry, Structure from Motion, and modern neural
rendering pipelines.

In the context of this thesis, multiple Intel RealSense cameras are used to capture synchronized
data from different viewpoints. This setup improves scene coverage and provides richer infor-
mation for the reconstruction process compared to a single-camera setup.
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2.3 Structure from Motion
Structure from Motion (SfM) is a classical computer vision technique used to estimate the 3D
structure of a scene from a set of overlapping images. At the same time, SfM estimates the
camera poses, meaning the position and orientation of each camera view.

The typical SfM pipeline consists of several stages. First, local visual features are detected in
each image. Then, these features are matched across different images in order to find correspon-
dences. Based on these correspondences, the system estimates the relative camera positions
and triangulates 3D points. The final result is usually a sparse 3D point cloud together with the
estimated camera parameters.

SfM is an important step in many reconstruction pipelines because accurate camera poses are
required before more advanced scene representations can be trained or rendered. In this work,
COLMAP is used to perform this process.

2.4 COLMAP
COLMAP is a widely used Structure from Motion and Multi-View Stereo software package. It
provides tools for feature extraction, feature matching, camera pose estimation, sparse recon-
struction, and dense reconstruction.

In this thesis, COLMAP is used mainly for sparse reconstruction and camera pose estimation.
The input to COLMAP consists of RGB images captured from multiple Intel RealSense cameras.
COLMAP extracts visual features from the images, matches them across different views, and
reconstructs a sparse 3D point cloud. At the same time, it estimates the camera intrinsics and
extrinsics required for later processing.

The output of COLMAP is essential for the 4D Gaussian Splatting stage, since the training
framework requires camera poses and image information in order to learn a scene representa-
tion. Therefore, COLMAP acts as an intermediate stage between data acquisition and neural
rendering.

2.5 Neural Rendering
Neural rendering is a research area that combines computer graphics and machine learning in
order to synthesize novel views of a scene. Instead of relying only on traditional geometric
models, neural rendering methods learn scene representations from images and use them to
generate new viewpoints.
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One of the most influential approaches in this area is Neural Radiance Fields (NeRF). NeRF
represents a scene as a continuous function that maps 3D position and viewing direction to color
and density. This allows the generation of high-quality novel views. However, NeRF-based
methods are often computationally expensive and can require long training and rendering times.

The limitations of NeRF motivated the development of more efficient approaches, such as Gaus-
sian Splatting, which aims to achieve high-quality rendering with significantly faster perfor-
mance.

2.6 Gaussian Splatting
Gaussian Splatting is a modern scene representation and rendering technique that models a 3D
scene as a collection of anisotropic Gaussian primitives. Each Gaussian represents part of the
scene and contains properties such as position, scale, rotation, opacity, and color.

During rendering, these Gaussians are projected onto the image plane and blended to synthesize
a new view. This representation enables efficient rendering while preserving high visual quality.
Compared to traditional neural rendering methods, Gaussian Splatting can offer faster training
and real-time or near real-time rendering performance.

In the context of this thesis, Gaussian Splatting is important because it provides the foundation
for the 4D Gaussian Splatting framework used in the experimental pipeline.

2.7 4D Gaussian Splatting
4D Gaussian Splatting extends the idea of 3D Gaussian Splatting by introducing a temporal
component. Instead of representing only a static scene, 4D Gaussian Splatting aims to model
scenes that change over time. This makes it suitable for dynamic scenes and multi-frame datasets.

The fourth dimension corresponds to time. Each image frame is associated with a normalized
time value, allowing the model to learn how the scene evolves across frames. This is particu-
larly relevant for datasets captured using synchronized cameras, where multiple viewpoints are
available over a sequence of frames.

In this thesis, the captured multi-camera images are converted into a format compatible with the
4D Gaussian Splatting framework. This includes the generation of transformation files contain-
ing image paths, camera-to-world matrices, and normalized time values.
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2.8 Intel RealSense Cameras
Intel RealSense cameras are depth-sensing devices capable of capturing RGB images, depth
maps, and infrared data [5]. These modalities are useful for computer vision applications be-
cause they provide both appearance and geometric information about the scene.

RGB images provide color and texture information, while depth maps contain distance mea-
surements from the camera to the observed surfaces. Infrared images can provide additional
information that may be useful under different lighting conditions. The combination of these
data streams makes RealSense cameras suitable for 3D reconstruction, object scanning, and
avatar-related applications.

In this work, Intel RealSense cameras are used to capture synchronized multi-view data. The
captured RGB images are primarily used for COLMAP and 4D Gaussian Splatting, while the
availability of depth and infrared data provides additional flexibility for future extensions of the
pipeline.

2.9 Related Work
The field of 3D reconstruction has evolved from classical geometric methods to modern neural
rendering approaches. Traditional methods, such as Structure from Motion and Multi-View
Stereo, rely on feature matching and geometric triangulation to reconstruct sparse or dense 3D
representations. These methods remain highly relevant because they provide accurate camera
pose estimation and are often used as preprocessing steps for newer techniques.

Neural rendering methods, such as NeRF, introduced a different approach by learning continuous
scene representations from posed images. Although these methods achieved high-quality novel
view synthesis, they are often computationally expensive. Gaussian Splatting addresses some
of these limitations by representing scenes with explicit Gaussian primitives, enabling efficient
optimization and faster rendering.

4D Gaussian Splatting further extends this representation to dynamic scenes by incorporating
temporal information. This makes it suitable for multi-frame datasets and motivates its use in
this thesis. The present work combines classical reconstruction tools, such as COLMAP, with a
modern 4D Gaussian Splatting framework in order to build a complete practical pipeline from
multi-camera acquisition to training and rendering.
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3 Methodology

This chapter describes the methodology followed for the development of the proposed 3D re-
construction pipeline. The pipeline includes environment setup, multi-camera data acquisition,
preprocessing of captured images, camera pose estimation using COLMAP, and training of a
4D Gaussian Splatting model.

The overall workflow begins with the acquisition of synchronized data using multiple Intel Re-
alSense cameras. The captured images are then converted, organized, and prepared for COLMAP
processing. COLMAP is used to estimate camera poses and generate sparse 3D reconstructions
[2]. Finally, the registered images and estimated camera parameters are converted into a format
suitable for 4D Gaussian Splatting training and rendering [1].

In addition to the local development setup, part of the computational workflow was executed on
a High Performance Computing (HPC) cluster. This was necessary due to the computational
requirements of COLMAP reconstruction and GPU-based 4D Gaussian Splatting training.

3.1 Environment Setup
An Ubuntu-based development environment was configured in order to support the execution of
the complete reconstruction pipeline. The required software components included CUDA [6],
PyTorch [7], COLMAP [2], OpenCV [8], NumPy, and the Intel RealSense SDK through the
pyrealsense2 library [5].

The 4D Gaussian Splatting framework was installed in a dedicated project directory, while a
separate conda environment was used to manage the required Python packages and CUDA-
related dependencies. This separation ensured that the training and rendering pipeline could
be executed in a reproducible software environment.

For local experimentation, the pipeline was tested on a workstation with GPU support. However,
larger datasets required additional computational resources. For this reason, part of the work-
flow was executed on the Prometheus HPC cluster using Slurm batch jobs [9, 10]. The HPC
environment was used for computationally demanding stages such as COLMAP reconstruction
and 4D Gaussian Splatting training, allowing access to shared storage and GPU nodes.

The use of the HPC cluster was necessary because large multi-camera datasets require significant
memory, storage, and GPU resources. During experimentation, it was observed that datasets
with a high number of cameras and frames could exceed the limitations of the local workstation,
making the cluster environment important for processing larger configurations.
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3.2 Data Acquisition
The data acquisition process was carried out at the CYENS Centre of Excellence, where a multi-
camera setup based on Intel RealSense devices was available. These cameras were used to
capture synchronized RGB, depth, and infrared data from multiple viewpoints around the subject
[4, 5].

A custom Python script was developed using the pyrealsense2 library in order to automate the
capture process. The implementation was based on the Intel RealSense Python API and adapted
for the needs of this project [3]. The script was responsible for detecting the connected cameras,
configuring the streams, synchronizing the acquisition process, storing the captured data, and
recording metadata for each session.

3.3 Multi-Camera Data Capture System
For the data collection process, a Python-based acquisition system was developed in order to
capture synchronized visual and depth information using Intel RealSense cameras [5]. The pri-
mary objective of this system was the generation of a structured and high-quality dataset that
could be used in subsequent stages for 3D reconstruction and scene representation.

The proposed system supports the simultaneous acquisition of RGB images, depth maps, and
infrared (IR) frames, enabling the collection of multimodal data that captures both the appear-
ance and geometric structure of the subject. In addition, the system records detailed metadata
for each session, ensuring reproducibility and facilitating downstream processing tasks.

3.3.1 Capture Settings
The initial part of the script defines the fundamental acquisition parameters, including image
resolution, frame rate, total number of frames, and the enabled sensing modalities. This config-
uration is illustrated in Figure 3.1.
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Figure 3.1: Capture settings used for the RealSense recording process.

These parameters directly influence the spatial and temporal characteristics of the captured
dataset. In this implementation, the resolution was set to 1280×720 pixels and the frame rate to
30 frames per second, providing a balance between data quality and computational efficiency.
The maximum number of frames was limited to 1800 in order to maintain a consistent dataset
size across sessions.

Furthermore, the system enables the simultaneous recording of RGB, depth, and infrared streams,
resulting in a multimodal dataset. This combination is useful for 3D reconstruction and future
extensions of the pipeline, since it provides both visual texture and geometric information. The
optional live preview functionality also improves usability by allowing real-time monitoring of
the capture process.

3.3.2 Directory Creation and Metadata Storage
In order to ensure efficient data organization and traceability, dedicated helper functions were
implemented for directory creation and metadata storage, as shown in Figure 3.2.

Figure 3.2: Helper functions for directory creation and JSON metadata storage.

The function ensure_dir() guarantees that the required directory structure exists prior to data
storage, while save_json() serializes structured information into JSON format. This design
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enables the systematic storage of session-level and frame-level metadata, including capture pa-
rameters, device identifiers, timestamps, and file paths.

Such organization is essential for large-scale data handling and ensures that the dataset remains
consistent, interpretable, and easily accessible for further processing.

3.3.3 Camera Intrinsics
The system also extracts and stores the intrinsic calibration parameters of each camera, as illus-
trated in Figure 3.3.

Figure 3.3: Extraction of camera intrinsic parameters.

Camera intrinsics describe the internal imaging geometry of the sensor, including focal lengths,
principal point coordinates, image resolution, and lens distortion coefficients. These parameters
are important for accurate geometric processing, such as camera calibration, image alignment,
and three-dimensional reconstruction.

By storing these values alongside the captured data, the system ensures that the dataset can be
reliably used in later computational stages without requiring repeated calibration.

3.3.4 Saving RGB, Depth, and Infrared Frames
The script includes dedicated functions for storing RGB, depth, and infrared frames, as shown
in Figure 3.4. OpenCV was used for image handling and saving operations [8].
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Figure 3.4: Functions used to save RGB, depth, and infrared frames.

RGB images are stored as standard PNG files, preserving visual information required by COLMAP
and the 4D Gaussian Splatting framework. Depth frames are stored as 16-bit images to main-
tain distance precision, while infrared images are stored as grayscale data. Although the main
reconstruction pipeline in this thesis primarily uses RGB images, the availability of depth and
infrared data provides flexibility for future extensions.

3.3.5 Multi-Camera Configuration
The RealSense devices are initialized through a device manager, which automatically detects
and enables all connected cameras. This process is illustrated in Figure 3.5.
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Figure 3.5: Initialization and enabling of all connected RealSense cameras.

When multiple cameras are available, the system supports hardware-level synchronization by
assigning one device as the master and the remaining devices as slaves. This configuration re-
duces temporal discrepancies between captured frames and improves alignment across different
viewpoints, which is important for multi-view reconstruction.

3.3.6 Warm-Up Phase
Prior to the main capture procedure, an initialization phase is performed in which a predefined
number of frames are discarded, as shown in Figure 3.6.

Figure 3.6: Warm-up phase where initial frames are discarded.

This step allows the cameras to stabilize internal parameters such as exposure and white balance.
As a result, the recorded dataset exhibits improved photometric consistency, reducing variability
caused by transient sensor adjustments.
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3.3.7 Main Capture Loop
The core data acquisition process is implemented through an iterative loop, as illustrated in
Figure 3.7.

Figure 3.7: Main loop used to capture frames from all connected cameras.

At each iteration, the system retrieves the latest frames from all active devices. For every cap-
tured frame, a structured metadata entry is generated, containing the frame index, system times-
tamp, and per-device information. This approach ensures temporal tracking and supports syn-
chronization between different data streams.

3.3.8 Frame Metadata
For each captured frame, detailed metadata is recorded, including file paths, timestamps, and
frame indices, as shown in Figure 3.8.
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Figure 3.8: Frame-level metadata stored for each captured frame.

This metadata enables correspondence between RGB, depth, and infrared data. It also supports
dataset indexing, debugging, and reproducibility during later processing stages.

3.3.9 Live Preview
To enhance usability and monitoring, a real-time preview mechanism is implemented, combin-
ing multiple camera streams into a unified mosaic display, as shown in Figure 3.9.

15



Figure 3.9: Creation of a mosaic preview from multiple camera streams.

This functionality allows the operator to verify subject positioning, camera alignment, and data
quality during acquisition, reducing the likelihood of recording errors.
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3.3.10 Safe Termination
At the end of the acquisition process, all camera streams and visualization windows are properly
closed, as shown in Figure 3.10.

Figure 3.10: Safe termination of camera streams and OpenCV windows.

The use of a finally block guarantees that system resources are released even in the presence
of runtime errors or user interruption. This ensures robustness and prevents resource leakage.

3.3.11 Summary
In summary, the developed system provides a robust and flexible framework for multimodal
data acquisition using Intel RealSense cameras. By combining synchronized RGB, depth, and
infrared streams with structured metadata and calibration information, the system produces a
comprehensive dataset suitable for advanced computer vision tasks.

The resulting dataset serves as the foundation for the subsequent stages of the project, including
image preprocessing, camera pose estimation with COLMAP, sparse 3D reconstruction, and 4D
Gaussian Splatting training.
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3.4 Preprocessing for COLMAP
After data acquisition, the captured images were converted and organized into a structure suitable
for COLMAP processing [11]. Since the original recording process produced separate folders for
each camera and modality, the RGB images had to be extracted and renamed using a consistent
naming convention.

Each image filename encoded both the camera identifier and the frame index, following a format
such as:

cam1_00000.png
cam2_00000.png
...
cam8_00054.png

This naming convention preserved the relationship between each image, its corresponding cam-
era, and its temporal frame index. It also ensured that all images could be processed consistently
by COLMAP.

For some experiments, balanced subsets of the captured data were created in order to reduce
computational cost and allow controlled comparisons between different camera and frame con-
figurations. For example, one main dataset contained eight cameras with fifty-five frames per
camera, resulting in 440 input images. Such balanced subsets were important for evaluating how
the number of cameras and frames affects reconstruction quality.

To avoid unnecessary duplication of large image datasets, symbolic links were used in the HPC
environment when possible. This allowed the same image files to be referenced from different
experiment folders without increasing storage usage.

After COLMAP reconstruction, only the images successfully registered by COLMAP were used
for 4D Gaussian Splatting training. This ensured that the training dataset contained only images
with valid camera poses. The registered images and camera parameters were then converted into
transformation files compatible with the 4D Gaussian Splatting framework.

The transformation files contained, for each registered image, the image path, the correspond-
ing camera-to-world transformation matrix, and a normalized time value. The time value was
computed from the frame index in order to represent the temporal dimension required by the 4D
Gaussian Splatting model.
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3.5 3D Reconstruction with COLMAP
COLMAP was used to estimate camera poses and generate sparse 3D reconstructions from the
captured multi-view images [2, 12]. The COLMAP pipeline consisted of three main stages:
feature extraction, feature matching, and sparse reconstruction.

During feature extraction, COLMAP detected local visual features in each input image. Since the
datasets contained images from multiple cameras, the ImageReader.single_camera option
was disabled, allowing COLMAP to estimate camera parameters appropriately for the multi-
camera setup.

The second stage was feature matching. Exhaustive matching was used in the experiments,
meaning that COLMAP attempted to match features between all pairs of images. Although
this approach is computationally more expensive, it increases the probability of finding valid
correspondences across different viewpoints, which is important for multi-view reconstruction.

The third stage was sparse reconstruction using the COLMAP mapper. In this stage, COLMAP
estimated camera poses and triangulated 3D points from the matched image features. The output
consisted of registered images, estimated camera parameters, and a sparse 3D point cloud.

After reconstruction, the COLMAP model was analyzed using the model_analyzer tool. This
provided useful quantitative information, including the number of registered images, the number
of reconstructed 3D points, and the mean reprojection error. These values were later used to
compare the reconstruction quality of different experimental configurations.

For the dataset consisting of eight cameras and fifty-five frames per camera, the input contained
440 images. COLMAP successfully registered 432 images, producing a sparse reconstruction
with 21,256 3D points and a mean reprojection error of 1.179051 pixels. This indicates that
almost all images were successfully included in the reconstruction.

The distribution of registered images per camera was also examined. Seven cameras were fully
registered with 55 images each, while one camera registered 47 images. This result suggests that
the selected dataset provided sufficient overlap and feature correspondences for stable multi-view
reconstruction.

The COLMAP reconstruction was then converted from binary format to text format using the
COLMAP model converter. The resulting files, including camera parameters, image poses, and
3D points, were used in the next preprocessing step to generate the transformation files required
by the 4D Gaussian Splatting framework.

The exact COLMAP commands used during the experiments are provided in the Appendix.
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3.6 4D Gaussian Splatting Training
After the COLMAP reconstruction and preprocessing stages, the registered dataset was used
to train the 4D Gaussian Splatting model [1]. The objective of this stage was to learn a scene
representation from the registered multi-view images and their corresponding camera poses.

The training dataset was organized in a format compatible with the 4D Gaussian Splatting frame-
work. It contained the registered RGB images and the transformation files transforms_train.json,
transforms_test.json, and transforms_val.json. These files provided the model with
image paths, camera-to-world transformation matrices, and normalized time values for each
frame.

A configuration file was created for the selected dataset by adapting an existing D-NeRF config-
uration [13]. This configuration defined the dataset path and the parameters required for training
and rendering.

The training stage required GPU acceleration through CUDA and PyTorch [6, 7]. Initial tests
showed that the controller node of the cluster could not be used for training because it did not
provide access to an NVIDIA GPU driver. Therefore, the training process was executed on a
GPU node using a Slurm batch job [9]. The Slurm script requested GPU resources, CPU cores,
memory, and an appropriate time limit for the training process.

During training, the model optimized a set of Gaussian primitives in order to represent the cap-
tured scene. These Gaussians encode spatial position, scale, rotation, opacity, and appearance
information. The trained representation was then used for novel view rendering.

After training, the rendering stage generated visual outputs from the trained model. The pro-
duced rendered videos were used for qualitative evaluation of the reconstructed scene. This final
stage completed the pipeline by converting the learned 4D Gaussian representation into visual
results suitable for comparison across experimental configurations.

The detailed training and rendering commands, together with the Slurm batch scripts, are pro-
vided in the Appendix.
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4 Experiments

4.1 Experimental Setup
This chapter presents the experimental setup used to evaluate the performance of the 4D Gaus-
sian Splatting pipeline under different data configurations. The main objective of the experi-
ments was to investigate how the number of cameras, the number of frames per camera, and the
distribution of frames across cameras affect the quality of the reconstructed scene.

Multiple experimental scenarios were examined by varying the number of camera viewpoints
and the number of temporal samples. Some experiments were performed using datasets captured
during the main data acquisition process, while additional experiments were carried out using a
separate dataset of images that was provided for further evaluation.

All datasets were processed using the same general pipeline. First, the images were preprocessed
and organized into a structure compatible with COLMAP. The COLMAP pipeline was then
executed in order to perform feature extraction, feature matching, camera pose estimation, and
sparse reconstruction. The resulting camera poses and sparse point clouds were subsequently
used for 4D Gaussian Splatting training [1].

For each experimental setup, the trained model was used to generate rendered videos of the re-
constructed scene. These videos were used for qualitative evaluation of the visual consistency
and appearance of the learned representation. The experiments therefore evaluate both the geo-
metric reconstruction produced by COLMAP and the visual output produced by the 4D Gaussian
Splatting model.

4.2 Evaluation Approach
The reconstruction quality was evaluated qualitatively using two main outputs: the sparse point
cloud generated by COLMAP and the rendered video generated after 4D Gaussian Splatting
training.

The COLMAP output is stored as a .ply file, which represents a sparse point cloud of the recon-
structed scene. This file contains 3D points estimated from visual features that were detected,
matched across multiple views, and triangulated in 3D space. Therefore, the .ply output does
not represent a complete surface or mesh, but rather a sparse geometric approximation of the
scene.

The density and coherence of the point cloud provide an indication of how successfully COLMAP
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estimated camera poses and reconstructed the main visible structure. A denser and more coher-
ent point cloud usually indicates stronger feature correspondences and better multi-view overlap.
In contrast, scattered or isolated points may appear due to weak feature matches, background ele-
ments, limited texture, motion blur, poor lighting, or insufficient overlap between camera views.

In addition to the sparse point cloud, rendered videos were generated from the trained 4D Gaus-
sian Splatting models. These videos were used as qualitative visual outputs, allowing the recon-
structed scene to be observed from a sequence of viewpoints. While the point cloud provides
information about the geometric reconstruction, the rendered video provides a clearer indication
of the visual appearance and consistency of the learned Gaussian representation.

The following subsections present the results of the different experimental configurations. A
comparative discussion of the experiments is provided at the end of the chapter.

4.3 Results

4.3.1 Reconstruction Using 7 Cameras and 41 Frames per Camera
In this experiment, a dataset consisting of images captured from seven different cameras was
used, with each camera contributing 41 frames. The purpose of this experiment was to eval-
uate whether a multi-view setup with a moderate number of frames per camera could provide
sufficient information for stable sparse reconstruction.

The images were processed using COLMAP to estimate camera poses and generate a sparse 3D
reconstruction in the form of a point cloud stored in .ply format. The resulting point cloud is
illustrated in Figure 4.1.

Figure 4.1: Point cloud reconstruction using 7 cameras and 41 frames per camera.
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A rendered video was also generated from the trained 4D Gaussian Splatting model. A repre-
sentative frame from the video is shown in Figure 4.2. The video was used as an additional qual-
itative output for evaluating the visual appearance and consistency of the reconstructed scene.

Figure 4.2: Rendered video frame from the 4D Gaussian Splatting model trained using 7
cameras and 41 frames per camera. The full video is provided as supplementary material.

The visualization shows a relatively dense and coherent cluster of points corresponding to the
main subject. The central region contains a higher point density, indicating that the subject was
observed from multiple viewpoints and that COLMAP was able to identify sufficient feature
correspondences.

Some scattered points are also visible around the main reconstructed area. These points are
expected in sparse reconstructions and may correspond to weaker matches, background features,
or regions with less reliable visual information. Overall, the result shows that this configuration
was able to produce a recognizable sparse reconstruction of the scene.

4.3.2 Reconstruction Using 13 Cameras and 21 Frames per Camera
In this experiment, a dataset consisting of 13 cameras was used, with each camera contributing
21 frames. The purpose of this experiment was to evaluate the effect of using a larger number
of camera viewpoints while keeping the number of frames per camera relatively low.

The reconstruction was performed using COLMAP, generating a sparse point cloud in .ply
format. The resulting point cloud is shown in Figure 4.3.
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Figure 4.3: Point cloud reconstruction using 13 cameras and 21 frames per camera.

A rendered video was also generated from the trained 4D Gaussian Splatting model. A represen-
tative frame from the video is shown in Figure 4.4. The video was used to examine whether the
learned representation could produce a visually coherent output from the sparse reconstruction.

Figure 4.4: Rendered video frame from the 4D Gaussian Splatting model trained using 13
cameras and 21 frames per camera. The full video is provided as supplementary material.

The resulting reconstruction appears sparse and partially fragmented. Although the dataset in-
cluded a larger number of camera viewpoints, the limited number of frames per camera reduced
the amount of visual information available from each viewpoint.
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The point cloud contains a visible central region, but it lacks strong global coherence and den-
sity. This suggests that the available images did not provide enough consistent feature corre-
spondences across all views. As a result, COLMAP was able to reconstruct only parts of the
scene reliably, while other regions remained sparse or disconnected.

4.3.3 Reconstruction Using an Imbalanced Frame Distribution
In this experiment, three cameras were used with an imbalanced number of frames. One camera
contributed 120 frames, while the other two cameras contributed 56 frames each. The purpose
of this experiment was to observe the effect of uneven frame distribution across cameras on the
reconstruction process.

The resulting point cloud is shown in Figure 4.5.

Figure 4.5: Point cloud reconstruction with imbalanced frame distribution across cameras.

A rendered video was also generated from the trained 4D Gaussian Splatting model. A repre-
sentative frame from the video is shown in Figure 4.6. The video was used to assess how the
imbalanced frame distribution affected the visual stability of the learned representation.
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Figure 4.6: Rendered video frame from the 4D Gaussian Splatting model trained using an
imbalanced frame distribution across cameras. The full video is provided as supplementary
material.

The reconstruction exhibits clear structural inconsistencies. The point cloud is split into discon-
nected clusters, indicating that COLMAP was not able to establish a globally coherent recon-
struction across all camera views.

The imbalanced distribution of frames likely caused some viewpoints to dominate the recon-
struction, while others provided less consistent support. This resulted in uneven point density
and weaker connections between reconstructed regions. The rendered output produced from this
configuration was also very short, suggesting that the 4D Gaussian Splatting model did not learn
a stable temporal representation from the available data.

4.3.4 Reconstruction Using 8 Cameras and 35 Frames per Camera
In this experiment, a dataset consisting of eight cameras was used, with each camera contributing
35 frames. The purpose of this experiment was to evaluate whether a balanced multi-camera
configuration with a moderate number of frames per camera could provide sufficient information
for camera pose estimation, sparse reconstruction, and 4D Gaussian Splatting training.

The captured images were first preprocessed and organized into a COLMAP-compatible struc-
ture. COLMAP was then used to estimate the camera poses and generate a sparse point cloud
representation of the scene. The resulting point cloud is shown in Figure 4.7.
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Figure 4.7: Point cloud reconstruction using 8 cameras and 35 frames per camera.

As shown in Figure 4.7, the reconstructed point cloud forms a dense central region corresponding
to the main subject. This indicates that the subject was visible from several viewpoints and that
COLMAP was able to detect and match a sufficient number of common features.

At the same time, scattered points can be observed around the main structure. The reconstruc-
tion appears vertically elongated and not fully complete, suggesting that some regions were not
captured with enough consistency or did not contain enough distinctive features for reliable tri-
angulation. Nevertheless, the configuration produced a recognizable sparse reconstruction.

In addition to the sparse point cloud, a rendered video was generated from the trained 4D Gaus-
sian Splatting model. A representative frame from the rendered video is shown in Figure 4.8.
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Figure 4.8: Rendered video frame from the 4D Gaussian Splatting model trained using 8
cameras and 35 frames per camera. The full video is provided as supplementary material.

The rendered video shows that the model was able to learn the main structure and appearance
of the scene. However, some visual limitations may still be present, especially in areas where
the COLMAP reconstruction was sparse or incomplete. These limitations may appear as slight
distortions, unstable details, or incomplete regions in the rendered output.

4.3.5 Reconstruction Using 9 Cameras and 39 Frames per Camera
In this experiment, a different dataset was tested, consisting of images that were provided sep-
arately for additional evaluation. This dataset contained nine cameras, with each camera con-
tributing 39 frames. The purpose of this experiment was to evaluate whether this multi-camera
dataset could provide sufficient visual information for camera pose estimation, sparse recon-
struction, and 4D Gaussian Splatting training.

The captured images from the provided dataset were preprocessed and organized into a COLMAP-
compatible structure. COLMAP was then used to estimate the camera poses and generate a
sparse 3D point cloud of the scene. The resulting reconstruction is shown in Figure 4.9.
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Figure 4.9: Point cloud reconstruction using 9 cameras and 39 frames per camera.

As shown in Figure 4.9, the reconstructed point cloud forms a visible central structure corre-
sponding to the main subject. The central area contains a higher concentration of points, indicat-
ing that this region was observed consistently from multiple viewpoints and provided sufficient
feature correspondences for reconstruction.

Scattered points are also visible around the main reconstructed region. The reconstruction ap-
pears partially incomplete in some areas, which may be due to limited overlap between cer-
tain viewpoints, insufficient texture, or regions of the scene that were not observed consistently
enough. Despite these limitations, the point cloud shows that COLMAP was able to reconstruct
the dominant structure of the scene.

A rendered video was also generated from the trained 4D Gaussian Splatting model. A repre-
sentative frame from the video is shown in Figure 4.10.
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Figure 4.10: Rendered video frame from the 4D Gaussian Splatting model trained using 9
cameras and 39 frames per camera. The full video is provided as supplementary material.

The rendered output provides a qualitative view of the learned Gaussian representation. The
model was able to capture the general appearance of the scene, although minor artifacts or un-
stable details may appear in areas where the COLMAP point cloud was sparse or noisy.

4.3.6 Reconstruction Using 8 Cameras and 55 Frames per Camera on the
Prometheus HPC Cluster

In this experiment, a dataset consisting of eight cameras was used, with each camera contributing
55 frames. The purpose of this experiment was to evaluate a more balanced configuration with
a larger number of frames per camera, while also testing the execution of the reconstruction and
training pipeline on an HPC environment.

For this experiment, the processing was carried out on the Prometheus HPC cluster at CYENS.
Prometheus is a high-performance computing cluster designed for deep learning and scientific
computing workloads. It provides access to NVIDIA GPUs, AMD EPYC processors, high-
performance Lustre storage, and Slurm job scheduling [10]. This environment was particularly
useful for this project because both COLMAP reconstruction and 4D Gaussian Splatting training
require significant computational resources, especially when processing multi-camera image
datasets.

The captured images were preprocessed and organized into a COLMAP-compatible structure.
COLMAP was then executed on the cluster in order to estimate camera poses and generate a
sparse 3D point cloud of the scene. The resulting reconstruction is shown in Figure 4.11.
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Figure 4.11: Point cloud reconstruction using 8 cameras and 55 frames per camera.

As shown in Figure 4.11, the point cloud forms a dense central structure corresponding to the
main subject. The reconstruction appears more concentrated around the main region of inter-
est, indicating that the available camera views and frame sequence provided sufficient feature
correspondences for COLMAP to estimate camera poses and triangulate the dominant scene
structure.

Some scattered points are still visible around the main reconstruction. These points are expected
in sparse point cloud outputs and may be caused by weak feature matches, background details,
limited texture, or inconsistencies between camera viewpoints. However, the main reconstructed
region remains clearly visible and recognizable.

A rendered video was also generated from the trained 4D Gaussian Splatting model. A repre-
sentative frame from the rendered output is shown in Figure 4.12.
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Figure 4.12: Rendered video frame from the 4D Gaussian Splatting model trained using 8
cameras and 55 frames per camera. The full video is provided as supplementary material.

The rendered output provides a qualitative view of the learned Gaussian representation. The
video indicates that the model was able to capture the main structure and appearance of the scene.
Since this experiment used a larger number of frames per camera, the model had access to more
temporal observations from each viewpoint, which supported a more stable reconstruction and
rendering process.

Overall, this experiment shows that the 8-camera and 55-frame configuration was suitable for
the complete pipeline, from COLMAP pose estimation to 4D Gaussian Splatting training and
rendering. The use of the Prometheus HPC cluster also enabled the processing of this larger
dataset using shared storage and GPU resources.

4.3.7 Reconstruction Using 10 Cameras and 55 Frames per Camera on
the Prometheus HPC Cluster

In this experiment, a dataset consisting of ten cameras was used, with each camera contributing
55 frames. The experiment was executed on the Prometheus HPC cluster, following the same
processing pipeline used in the previous HPC-based experiment. The purpose of this experiment
was to evaluate whether increasing the number of camera viewpoints while keeping the number
of frames per camera constant could provide more complete spatial coverage for reconstruction.

The captured images were preprocessed and organized into a COLMAP-compatible structure.
COLMAP was then used to estimate the camera poses and generate a sparse 3D point cloud of
the scene. The resulting reconstruction is shown in Figure 4.13.
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Figure 4.13: Point cloud reconstruction using 10 cameras and 55 frames per camera.

As shown in Figure 4.13, the reconstructed point cloud contains a dense central region corre-
sponding to the main subject. The larger number of camera viewpoints provides more spatial
observations of the scene, allowing COLMAP to reconstruct a wider area around the subject.

The point cloud also contains several scattered regions around the main structure. These points
may correspond to background elements, weaker feature matches, or parts of the scene that were
only partially observed from some viewpoints. Although the reconstruction is not a complete
surface model, the dominant structure of the scene remains visible and recognizable.

The use of 55 frames per camera provided a consistent number of observations from each view-
point. This supported the camera pose estimation process and provided the 4D Gaussian Splat-
ting model with a balanced input sequence for training.

A rendered video was also generated from the trained 4D Gaussian Splatting model. A repre-
sentative frame from the rendered output is shown in Figure 4.14.
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Figure 4.14: Rendered video frame from the 4D Gaussian Splatting model trained using 10
cameras and 55 frames per camera. The full video is provided as supplementary material.

The rendered output provides a qualitative view of the learned Gaussian representation. The
model was able to capture the general structure and appearance of the scene, while the increased
number of camera viewpoints provided additional visual information during training. However,
some artifacts or incomplete areas may still appear in regions where the COLMAP reconstruc-
tion was sparse, noisy, or affected by weak feature correspondences.

Overall, the 10-camera and 55-frame configuration produced a recognizable reconstruction and
demonstrated that the pipeline can process a larger multi-camera dataset on the Prometheus HPC
cluster. The result shows that increasing the number of cameras can improve scene coverage,
provided that each camera contributes a sufficient and balanced number of frames.

4.3.8 Reconstruction Using 11 Cameras and 39 Frames per Camera on
the Prometheus HPC Cluster

In this experiment, a dataset consisting of 11 cameras was used, with each camera contributing
39 frames. The experiment was executed on the Prometheus HPC cluster, using the same recon-
struction and training pipeline described in the previous HPC-based experiments. The purpose
of this experiment was to evaluate whether a larger number of camera viewpoints could provide
sufficient spatial coverage for sparse reconstruction and 4D Gaussian Splatting training, while
maintaining a moderate number of frames per camera.

The images were preprocessed and organized into a COLMAP-compatible structure. COLMAP
was then used to estimate camera poses and generate a sparse 3D point cloud of the scene. The
resulting reconstruction is shown in Figure 4.15.
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Figure 4.15: Point cloud reconstruction using 11 cameras and 39 frames per camera.

As shown in Figure 4.15, the reconstructed point cloud forms a visible central structure corre-
sponding to the main subject. The highest concentration of points appears in the central region,
indicating that this part of the scene was observed consistently across multiple viewpoints and
provided sufficient feature correspondences for triangulation.

At the same time, the point cloud remains relatively sparse and includes scattered points around
the main reconstructed structure. These isolated points are likely caused by weaker feature
matches, background elements, limited texture, or insufficient overlap between some camera
views. As a result, the reconstruction captures the dominant structure of the scene, but it does
not form a complete or uniformly dense representation.

A rendered video was also generated from the trained 4D Gaussian Splatting model. A repre-
sentative frame from the rendered output is shown in Figure 4.16.
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Figure 4.16: Rendered video frame from the 4D Gaussian Splatting model trained using 11
cameras and 39 frames per camera. The full video is provided as supplementary material.

The rendered output provides a qualitative view of the learned Gaussian representation. The
model was able to reconstruct the general appearance of the scene, although some incomplete
regions or unstable details may still appear in areas where the COLMAP reconstruction was
sparse. This indicates that, while the dataset was sufficient to support the full pipeline on the
Prometheus HPC cluster, the reconstruction quality remained dependent on the strength of the
underlying feature correspondences and the consistency of the available observations.

Overall, this experiment shows that the 11-camera and 39-frame configuration was able to pro-
duce a recognizable reconstruction and a usable rendered output. The Prometheus HPC cluster
supported the execution of the full pipeline, including COLMAP processing, 4D Gaussian Splat-
ting training, and rendering.

4.4 Quantitative Summary of Experiments
Table 4.1 summarizes the main quantitative and qualitative results obtained from the different
experimental configurations. The table includes the number of cameras, the number of frames
per camera, the total number of input images, the number of images successfully registered by
COLMAP, the number of reconstructed sparse points, the mean reprojection error, the duration
of the rendered video, and the execution environment.
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Experiment Images Registered Points Error (px) Video Quality Environment
7 cams × 41 frames 287 164 20064 1.274161 4 sec Medium PC
13 cams × 21 frames 273 210 11712 0.981148 6 sec Low PC
3 cams imbalanced 232 8 52 0.646313 1 sec Low PC
8 cams × 35 frames 280 140 6302 1.085519 4 sec Good PC
9 cams × 39 frames 351 351 16432 1.154718 10 sec Good PC
8 cams × 55 frames 440 432 21256 1.179051 14 sec Low HPC
10 cams × 55 frames 550 434 13411 1.034072 14 sec Low HPC
11 cams × 39 frames 429 388 25656 1.159901 14 sec High HPC

Table 4.1: Summary of the experimental configurations and reconstruction results.

4.5 Discussion
The experimental results show that reconstruction quality is affected by several factors, including
the number of cameras, the number of frames per camera, the balance of frame distribution, and
the quality of the camera pose estimation produced by COLMAP. The results also show that
a higher number of input images does not always guarantee a better reconstruction. Instead,
the quality of the final result depends on whether the images provide sufficient overlap, reliable
feature correspondences, and balanced observations across the different camera viewpoints.

The experiment using seven cameras and 41 frames per camera produced a recognizable sparse
reconstruction and a rendered output of medium visual quality. Although not all images were
registered by COLMAP, the reconstructed point cloud remained relatively coherent around the
main subject. This indicates that the configuration provided enough visual information for
COLMAP to recover the dominant scene structure, but incomplete registration limited the fi-
nal reconstruction and rendering quality.

The experiment using 13 cameras and 21 frames per camera showed that increasing the number
of cameras alone is not sufficient to improve the result. Although more viewpoints were avail-
able, the reduced number of frames per camera limited the amount of consistent information
provided by each viewpoint. As a result, the point cloud appeared sparse and partially frag-
mented, and the rendered video had lower visual quality. This suggests that viewpoint diversity
must be supported by sufficient temporal sampling.

The imbalanced experiment produced the weakest result. In this setup, one camera contributed
significantly more frames than the other two cameras. This uneven distribution caused the recon-
struction to become unstable, with only a very small number of images successfully registered
by COLMAP. Although the mean reprojection error was low, this value was not representative
of a successful reconstruction because it was computed from very few registered images and
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reconstructed points. This confirms that reprojection error must be interpreted together with the
number of registered images, the number of reconstructed points, and the visual quality of the
rendered output.

The experiments using eight cameras and 35 frames per camera and nine cameras and 39 frames
per camera produced more stable results. In particular, the nine-camera configuration achieved
complete image registration and generated a rendered video of good visual quality. This shows
that a balanced dataset with sufficient overlap and a moderate number of frames per camera can
provide a strong basis for 4D Gaussian Splatting training.

The experiments executed on the Prometheus HPC cluster allowed larger datasets to be pro-
cessed. The eight-camera and 55-frame configuration achieved a high number of registered
images and sparse points, but the rendered output was still visually limited. Similarly, the ten-
camera and 55-frame configuration included the largest number of input images, but did not
produce the best qualitative result. These results show that COLMAP reconstruction quality
and 4D Gaussian Splatting rendering quality are related but not identical. A strong sparse re-
construction does not always guarantee a high-quality rendered video, since the final output is
also affected by training stability, scene appearance, camera consistency, and input image qual-
ity.

Among the tested configurations, the 11-camera and 39-frame experiment produced the best
overall qualitative result. It generated the highest number of sparse points and resulted in the
most visually coherent rendered output. This suggests that this configuration achieved the best
balance between viewpoint diversity and temporal sampling among the tested experiments.

Overall, the experiments demonstrate that the most effective configurations are not necessarily
those with the largest number of cameras or the largest number of images. Instead, reliable re-
construction requires a balanced combination of sufficient camera coverage, adequate frames
per camera, consistent observations, and strong feature correspondences. Balanced data acqui-
sition across cameras is therefore essential for stable COLMAP reconstruction and high-quality
4D Gaussian Splatting rendering.
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5 Conclusion and Future Work

This chapter concludes the thesis by summarizing the main objectives, the implemented pipeline,
and the experimental findings. It also discusses the limitations of the work and presents possible
directions for future improvement.

5.1 Conclusion
The purpose of this thesis was to develop and evaluate a complete multi-camera reconstruction
pipeline using Intel RealSense cameras, COLMAP, and 4D Gaussian Splatting. The work fo-
cused on the full process from data acquisition to preprocessing, camera pose estimation, sparse
reconstruction, model training, and rendering. Through this pipeline, synchronized multi-view
image data were transformed into a format suitable for 4D Gaussian Splatting, allowing the gen-
eration of reconstructed scenes and rendered videos.

A Python-based multi-camera acquisition system was used to capture RGB, depth, and infrared
data from multiple Intel RealSense cameras. The system also stored metadata and camera intrin-
sic parameters, ensuring that the captured data could be organized and reused in later processing
stages. After acquisition, the images were converted, renamed, and structured into a COLMAP-
compatible format. COLMAP was then used to estimate camera poses and generate sparse point
cloud reconstructions, which were later converted into transformation files required by the 4D
Gaussian Splatting framework.

An important part of the work was the execution of computationally demanding stages on the
Prometheus HPC cluster. The use of Slurm batch jobs, shared storage, and GPU resources
enabled the processing of larger datasets and supported the training and rendering stages of the
4D Gaussian Splatting pipeline. This was particularly important for experiments involving larger
numbers of cameras and frames.

Several experiments were conducted in order to evaluate how different dataset configurations
affect reconstruction quality. The results showed that reconstruction quality depends not only
on the number of cameras, but also on the number of frames per camera, the balance of frame
distribution, and the consistency of visual overlap between viewpoints. Experiments with imbal-
anced frame distributions produced weak and fragmented reconstructions, while more balanced
configurations generally produced more coherent point clouds and more useful rendered outputs.

The quantitative results further demonstrated that a high number of input images does not auto-
matically guarantee better reconstruction quality. For example, some configurations registered
many images but still produced low-quality rendered videos, while other configurations with
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fewer frames produced better qualitative results. This shows that COLMAP registration statis-
tics, sparse point density, reprojection error, and rendered video quality must be considered
together when evaluating the pipeline.

Among the tested configurations, the experiment using 11 cameras and 39 frames per camera
produced the strongest overall qualitative result, generating the highest number of sparse points
and a high-quality rendered video. The 9-camera and 39-frame experiment also performed well,
achieving complete image registration and good visual quality. In contrast, the imbalanced ex-
periment produced the weakest result, confirming that balanced data acquisition across cameras
is essential for stable reconstruction and rendering.

Overall, this thesis demonstrates that combining COLMAP with 4D Gaussian Splatting can
provide a practical pipeline for multi-camera dynamic scene reconstruction. The results confirm
that an appropriate balance between viewpoint diversity and temporal sampling is necessary
in order to obtain stable camera pose estimation, coherent sparse reconstructions, and visually
meaningful rendered outputs.

5.1.1 Limitations
Although the proposed pipeline produced usable reconstruction and rendering results, several
limitations were observed during the development and experimentation process.

First, the 4D Gaussian Splatting training stage was limited by the available GPU memory and
system memory. Larger datasets, especially those containing a high number of cameras and
frames, required significant computational resources and in some cases caused the training pro-
cess to terminate. This shows that dataset size must be carefully balanced with the available
hardware resources.

Second, the quality of the reconstruction was strongly dependent on the COLMAP camera pose
estimation stage. COLMAP was sensitive to sparse visual features, weak texture, motion blur,
and insufficient overlap between camera views. When the captured images did not provide
enough reliable feature correspondences, the resulting sparse point cloud became fragmented
or incomplete.

Another limitation was related to synchronization between cameras. Although the capture pro-
cess was designed to collect synchronized multi-view data, small timing differences between
cameras may still affect the consistency of dynamic scenes. Such differences can reduce the
quality of feature matching and make the reconstruction less stable.

Training instability was also observed in some experimental setups, especially when the dataset
was small, imbalanced, or contained insufficient viewpoint diversity. In such cases, the rendered
video could be short, unstable, or visually inconsistent.
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Finally, rendering artifacts were present in some outputs. These artifacts appeared as noisy re-
gions, incomplete structures, or unstable details in the rendered videos. They were mainly caused
by sparse or noisy COLMAP reconstructions, limited viewpoint overlap, and inconsistencies in
the input data.

Overall, these limitations show that the quality of the final reconstruction depends not only on
the 4D Gaussian Splatting model, but also on the quality of the captured data, the camera syn-
chronization, the viewpoint coverage, and the reliability of the COLMAP reconstruction.

5.2 Future Work
Although the implemented pipeline produced recognizable reconstructions and rendered videos,
several limitations remain and could be addressed in future work.

First, future experiments could investigate more camera and frame configurations in a more
controlled way. In this thesis, several different combinations were tested, but a larger and more
systematic evaluation could provide clearer conclusions about the optimal balance between the
number of cameras and the number of frames per camera. Additional experiments could also
include repeated captures under the same setup in order to evaluate the consistency and repeata-
bility of the results.

Second, the camera placement and overlap between viewpoints could be improved. Since COLMAP
depends heavily on visual feature correspondences, insufficient overlap or poor camera position-
ing can lead to sparse, noisy, or fragmented reconstructions. A more carefully designed camera
arrangement could improve feature matching and produce more complete point clouds.

Third, the quality of the captured images could be improved through better lighting conditions,
reduced motion blur, and more stable subject positioning. Poor lighting, textureless regions,
and inconsistent image quality can reduce the number of reliable feature matches and affect both
COLMAP reconstruction and 4D Gaussian Splatting training.

Future work could also make greater use of the depth and infrared data captured by the Intel Re-
alSense cameras. In this thesis, the RGB images were mainly used for COLMAP and 4D Gaus-
sian Splatting. However, depth information could potentially be integrated to improve geometric
accuracy, support scale estimation, or assist in filtering noisy points from the reconstruction.

In addition, future experiments could include more quantitative evaluation metrics for the ren-
dered videos. The current evaluation was mainly based on COLMAP statistics, sparse point
cloud inspection, and qualitative video analysis. Metrics such as PSNR, SSIM, LPIPS, or com-
parison against reference views could provide a more objective assessment of rendering quality.

Finally, the pipeline could be extended to support more complex dynamic scenes and more
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realistic avatar-generation scenarios. This would require improved synchronization, more ro-
bust preprocessing, and possibly more advanced 4D Gaussian Splatting configurations. With
these improvements, the proposed workflow could become a stronger foundation for high-quality
multi-view dynamic reconstruction and personalized 3D/4D scene representation.
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APPENDIX I
Additional Implementation Details

This appendix provides additional implementation details related to the reconstruction pipeline
developed in this thesis. The purpose of this appendix is to describe supporting technical aspects
of the implementation without interrupting the main flow of the methodology chapter.

I.1 Dataset Organization
After the data acquisition stage, the captured images were organized into a structured format
suitable for multi-view reconstruction. The images were grouped according to the camera from
which they were captured and were renamed using a consistent naming convention. This or-
ganization made it easier to process the dataset automatically and reduced the possibility of
mismatches between cameras and frames.

For the reconstruction experiments, subsets of the captured data were selected in order to evaluate
different combinations of camera viewpoints and temporal samples. The selected images were
prepared in a format compatible with the reconstruction tools used in the project.

I.2 COLMAP Processing Workflow
The COLMAP processing stage consisted of feature extraction, feature matching, and sparse
reconstruction. During feature extraction, visual features were detected in each image. During
feature matching, correspondences between images from different viewpoints were identified.
Finally, sparse reconstruction was performed in order to estimate camera poses and reconstruct
a sparse point cloud of the scene.

The generated COLMAP reconstruction was then inspected in order to verify the number of
successfully registered images, the stability of the reconstruction, and the overall quality of the
sparse point cloud. The resulting camera parameters were used in the next stage of the pipeline.

I.3 Transformation File Generation
The 4D Gaussian Splatting framework requires transformation files that describe the relationship
between each image and its corresponding camera pose. For this reason, the camera parameters
estimated by COLMAP were converted into a format compatible with the training framework.
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Each image entry in the transformation files includes the image path, the camera transformation
matrix, and a normalized temporal value. The temporal value represents the relative position of
each frame within the captured sequence and allows the dataset to be used in a 4D reconstruction
setting.

I.4 Training and Rendering Workflow
After preprocessing and transformation file generation, the registered dataset was used to train
the 4D Gaussian Splatting model. The training process used the prepared images and camera
parameters in order to learn a scene representation based on Gaussian primitives.

Once training was completed, a rendering stage was used to generate visual outputs from the
trained model. These outputs were used for qualitative evaluation of the reconstruction and for
comparing the effect of different dataset configurations.

I.5 Use of HPC Resources
Due to the computational requirements of COLMAP reconstruction and 4D Gaussian Splatting
training, part of the workflow was executed on an HPC cluster. Batch jobs were used to manage
long-running tasks and to access GPU resources when required.

Using the HPC environment allowed the pipeline to process larger datasets more efficiently and
reduced the limitations imposed by local hardware. Shared storage was also used to manage
large image datasets and intermediate reconstruction outputs.
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