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Abstract

This thesis explores 4D reconstruction in sparse fixed-camera settings for virtual re-
ality visualization. Gaussian Splatting provides an efficient representation for static
and dynamic scenes, but most existing pipelines rely on dense multi-view capture
or sufficient camera motion. This project focuses on a constrained setting with only
four fixed cameras observing a dynamic human object, where limited view coverage
makes stable geometry and novel-view rendering difficult. We first evaluate vanilla
3DGS and 4DGS pipelines on public datasets and self-recorded data to identify their
limitations under sparse fixed views. The baseline experiments show that the original
pipelines struggle to obtain reliable camera poses and stable geometry. Geometry-
based improvements are then explored, including depth-prior supervision and cross-
view geometric consistency. These constraints provide additional supervision, but
they do not recover unobserved regions or produce a stable full 360° reconstruction.
Based on these observations, the final pipeline adopts a generative completion ap-
proach. The four cameras are calibrated, foreground masks are generated to isolate
the target human object, and Diffuman4D is used to synthesize novel-view human
videos. The generated multi-view data is adapted to vanilla 4DGS and trained with
modified data loading to handle the larger dataset. The dynamic Gaussian repre-
sentation is then exported as per-frame splat files and visualized in a Unity-based
VR environment. The results show that generative completion is more suitable than
geometry-only stabilization for this setting. The final reconstruction enables recog-
nizable 360° dynamic observation, but remains limited by temporal inconsistencies
in generated images and residual foreground noise.

Keywords: 4DGS, Gaussian Splatting, Novel View Synthesis, Virtual Reality
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1 Introduction

This chapter introduces the field of 3D reconstruction and state-of-the-art methods
(1.1), motivation and contributions of this thesis (1.2) and the research questions
(1.3). Additionally it describes alignment with sustainable development (1.4), ethical
considerations (1.5) and related work (1.6).

1.1 Background

Digital reconstruction of objects and scenes in 3D has been a field of interest for
many years, with an increase in research after availability of easy to use recording
equipment and advancements in 3D visualization such as better graphics and virtual
reality (VR) (See 2.4). The traditional and intuitive method of 3D reconstruction
in computer vision and computer graphics consisted of various tools and sensors
that scan to estimate the three dimensional structure of the object itself, or patching
together many high-resolution images with photogrammetry. These methods were
limited and not scalable in their reconstruction capabilities by the amount and de-
tail recorded. However, with recent advancements in machine learning and neural
networks it became possible to analyse the depth from 2D monocular images and
videos to generate high quality renderings. With these techniques, unseen angles
beyond the two-dimensional images can also be estimated and generated, referred to
as Novel View Synthesis (NVS) to provide a complete three-dimensional model. In
the recent years there have been two big breakthroughs that accelerated research in
3D reconstruction and novel view synthesis: Neural Radiance Fields (NeRFs) [23]
and 3D Gaussian Splatting (3DGS) [10].

Neural Radiance Fields [23] are a volumetric rendering method that uses a set of
images from known camera poses to render advanced graphics reconstructions of
scenes including novel views. This method makes use of a non-convolutional deep
neural network to obtain high detailed photorealistic results. It quickly become an
industry standard for both research and application tools, leading to many variations
with specialized focuses on different aspects of the NVS problem. However, this
high resolution reconstruction method comes with the caveat of long and complex
training.



The next breakthrough 3D Gaussian Splatting solved the primary trade-off of the
NeRF method, achieving similar and at times better quality renderings with a faster,
more efficient training and real-time rendering [10]. Instead of an entire volumetric
reconstruction, gaussian splatting makes use of rasterization in a point-cloud struc-
ture, having ellipsoid gaussians holding information of position, rotation, size and
colour. The splats together form the 3D reconstruction, allowing novel view from
different angles.

Many research papers based on 3DGS have been published, and more are released
each day. It is a very relevant topic in the current digital reconstruction and NVS
field. One such interesting method is 4D Gaussian Splatting [34], enabling efficient
reconstruction of dynamic scenes using a deformation function applied over the ini-
tial splat result to modify the gaussians per timestamp.

The main contributions of this thesis are, an evaluation of vanilla 3DGS, 4DGS and
various 4DGS based methods under a four-camera sparse fixed setup, as well as a
customized 4DGS viewer in VR.

1.2 Motivation

Gaussian Splatting has become a practical way to represent and render 3D scenes in
recent years, and its extension to 4D Gaussian Splatting [34] allows dynamic scenes
to be modelled over time. Most existing methods, however, assume dense multi-
view capture, where many cameras observe the scene from different angles. With a
multi-view arrangement purposefully set up in a way that achieves close to full cov-
erage around an object, it is possible to get a very stable and detailed reconstruction
of recorded object. This is, however, a very intentionally planned, and often expen-
sive or time consuming recording setting not meant for spontaneous occurrences. In
many real-life scenarios, such as surveillance or monitoring systems, only a small
number of fixed cameras are available. These cameras provide sparse viewpoints
and limited geometric constraints. Under such conditions, Gaussian Splatting often
produces unstable geometry, floating artifacts, and poor novel-view rendering.

For dynamic scenes, these problems become more severe, as insufficient constraints
lead to drifting motion and inconsistent behaviour over time. However, the aim in
such a spontaneous scenario is often not a perfectly detailed and complex recon-
struction of everything, but a complete and reasonably detailed model that provides
enough information for recognition and intelligence. By adapting the scene set up
to mimic a real surveillance scene, and moving the focus from hyper-detailed recon-
struction to easy and efficient extraction of the important parts, we aim to investigate
how applicable this approach is for realistic cases and the limitations it still faces.
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1.3 Aim and Scope

This thesis explores solutions for fixed camera sparse-view 4D Gaussian Splatting
and segmentation by evaluating various geometric and generative methods, aiming
to tackle these problems in a single pipeline. This work can be viewed as a study
of advantages and disadvantages of the various approaches, and possibly a baseline
for a feasible future combination method. Therefore, this thesis aims to answer the
following research questions:

RQ 1: How can a stable 4D Gaussian representation be reconstructed from sparse-
view camera input in dynamic scenes?

RQ 2: Under a sparse fixed-camera setting, how do generative completion methods
compare to geometry-based approaches in maintaining stable and consistent 4D re-
constructions for dynamic objects?

RQ 3: Given a stable reconstruction, how well can dynamic objects be segmented
directly in Gaussian space?

1.4 Alignment with Sustainable Development

The Sustainable Development Goals are a list of 17 goals set by the United Nations
in 2015 to outline a global effort to end poverty, protect the planet and ensure peace
and prosperity for everyone by year 2030. These goals range across various areas of
science and development [25]. The outcome of this thesis project aligns with Goal
12: Responsible consumption and production.

Goal 12: Responsible consumption and production.

Commonly applied 3DGS pipelines include processing and rendering hundreds of
images, which is a computation heavy process that may take hours of training and
intensive use of electricity. In addition to this, the set up for obtaining these images
often includes a multi-camera set up with 20-80 cameras recording at the same time,
or a single camera that records for significantly longer time which generates even
more images to process. When the scene to reconstruct is dynamic, the amount of
data images to process also grows linearly per second of video for each individual
camera. By investigating alternative approaches that enable less processing with few
cameras, while still achieving the required amount of detail for the task, we support
the premise of reducing electricity consumption and motivate smaller set-ups that
use fewer cameras, which supports responsible consumption of electronic goods.

While this thesis aims to reduce overall processing and power requirement, it should
be noted that this is still a project consisting of multiple steps of processing images,
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Figure 1.1 Sustainable Development Goal 12

training models and rendering for virtual devices which are all tasks that use power.
The outcome is not to get rid of consumption completely, but attempt to receive the
desired output with less resources.

1.5 Ethical Considerations

There are several ethical concerns that should be considered throughout this work.
Confidentiality & Privacy

When working with captured images and reconstructions, the main concern that
is raised regards confidentiality and privacy. Since this work involves recording of
public or private spaces with multiple cameras and high detail reconstruction of
the space, anything that is filmed or reconstructed should be publicly available or
consented data. Information should be provided and consent should be taken for any
person or private property recorded. Any recording of confidential information or
persons identity, even with consent, will not be used in the public reporting.

The segmentation step of this pipeline helps ensure better confidentiality and privacy
for end results. A recorded scene that is required for analysis might often include
other confidential information that should not be shared in the environment. By
segmenting and only rendering the relevant part, more privacy can be ensured.
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Informed Consent & Voluntary Participation

All participants in the recording and reconstructions should receive sufficient infor-
mation regarding the process, collected data, and their right to stop recording at any
point. Participants should be informed again regarding all uses of recordings and
reconstructions, including both visualisation and reporting.

1.6 Related Work

A lot of research has been done following the original 3DGS and 4DGS methods,
some of which aimed to tackle the challenges we explore. These papers can be re-
viewed under two categories: Sparse View Gaussian Splatting and Object Segmen-
tation.

1.6.1 3DGS under Sparse View Camera Setups

Obtaining a stable 4DGS model under sparse views is challenging, since the sparse
views contribute fewer similar images making it difficult to obtain initial match pairs
with COLMAP (see 2.1.2). Sparse views can cause artifacts and unstable densifi-
cation. For the dynamic 4DGS case, sparse view can also cause gaussian drifting,
where gaussian blobs belonging to one object become part of another object in the
next timestamp. Sparse view problem can be improved with either geometric or
generative approaches. Geometric approach which use of existing geometry infor-
mation to provide additional information for a stable reconstruction, such as depth
information. Generative approach aims to balance the missing views by creating
synthetic training data using Artificial Intelligence (Al) to fill in the gaps created by
missing views.

GC-4DGS [16] introduces geometry-consistent priors to improve dynamic Gaus-
sian Splatting under sparse multi-view inputs. The method combines learning-based
multi-view stereo (MVS) and monocular depth estimation (MDE), and injects reli-
able geometric cues into the optimization via cross-view and cross-time consistency
filtering and ranking regularization. GC-4DGS primarily targets improving novel-
view synthesis under sparse inputs, implicitly assuming that reconstruction quality
on observed views is already sufficient. As a result, its optimization focuses on
generalization to unseen views rather than explicitly stabilizing reconstructions in
known views, which may introduce trade-offs in extremely sparse fixed-camera
settings.

12



Splatography [1] addresses sparse multi-view dynamic reconstruction in film mak-
ing scenarios by decomposing foreground and background and adopting a two-stage
training strategy. Sparse foreground masks, typically provided only at the initial time
step, are used to stabilize canonical learning before dynamic deformation modelling
is introduced. While this staged design improves training feasibility under sparse
views, the method ultimately evaluates performance in terms of novel-view synthesis
quality. Moreover, the reliance on foreground masks introduces additional semantic
or manual priors that may not be available in general reconstruction settings.

Generative Sparse-View Gaussian Splatting (GS-GS) [14] reduces sparse-view
ambiguity by incorporating generative supervision. Diffusion models are used to
synthesize fake novel views given known camera poses, and the generated images
are used as additional supervision for Gaussian Splatting. Through iterative opti-
mization between the generator and the GS representation, GS-GS improves visual
plausibility in unseen views.

Efficient4D [27] approaches sparse dynamic reconstruction from a generative video-
to-4D perspective. By first generating temporally and spatially consistent multi-view
images and then training 4D Gaussian Splatting on the synthesized data, the method
emphasizes efficient free-viewpoint synthesis. So Efficient4D prioritizes generative
quality and efficiency over strict geometric consistency with real observations.

4 Camera 4D Gaussian Splatting (4C4D) [37] is a very recent work focusing on
a very similar problem set as us, published after most of the work for this project
was done and our final pipeline had been established. This work uses 4 cameras
placed widely spaced all in front of dynamic object, and observes similar problems
as us in terms of accuracy and completeness. While we obtained better results from
generative approaches, this work focuses on a geometry based one by adding an
additional Neural Decaying Function over the opacity to improve geometric mod-
elling. Their evaluation shows improved results over the State-of-the-Art methods
for sparse dynamic datasets.

Although not directly sparse multi-view dynamic reconstruction, several related
but distinct problem settings have been explored. Monocular dynamic reconstruc-
tion methods, such as Simultaneous Localization and Mapping (SLAM) based ap-
proaches (e.g., Instant4D [19] and MoDGS [17]), rely on camera motion to provide
multi-view constraints over time, and thus are not applicable to fixed-camera sce-
narios. Sparse-frame dynamic reconstruction focuses on temporal under-sampling
rather than view sparsity, addressing challenges in dynamic modelling instead of
geometric ambiguity. Static few-view Gaussian Splatting methods primarily target

13



novel-view synthesis for static scenes under limited viewpoints, and are fundamen-
tally different from dynamic reconstruction problems.

1.6.2 Gaussian Segmentation

Segment Any 4D Gaussians (SA4D) [8] applies segment anything masks (SAM)
[12] originally used for 2D images to dynamic gaussian splatting output. Using a
temporal identity feature field applied with the deformation information from 4DGS
output, this method achieves dynamic object segmentation with ability to make sim-
ple modifications and render high-quality anything masks, as well as reduce gaussian
drifting.

These related works are studies with goals similar to ours, but not directly used in
this project with the exception of Efficient4D [27] and SA4D [8]. More details will
be explained in the following sections discussing methodology.
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2 Theory

This chapter provides an overview of the theoretical knowledge relevant for this
thesis. It begins with an introduction to Structure from motion and COLMAP (2.1).
This is followed by an explanation of Gaussian Splatting (2.2), which is the main
reconstruction technique for this project. Finally, the chapter concludes with briefly
presenting concepts related to Extended Reality (2.3).

2.1 Structure-from-Motion (SfM)

2.1.1 Structure from Motion

Structure from Motion (SfM) is a computer vision technique for reconstruction of 3D
structures from a set of 2D projections from different viewpoints. [31]]. The method
incrementally creates a point cloud of the 3D structure and calculates the camera
positions of the images. The overall pipeline can be seen in fig. 2.1.

Images Correspondence Search Incremental Reconstruction Reconstruction

r Initialization = m—————— -
! 1

Matching

I Image Registration . Outlier Filtering I

Triangulation Bundle Adjustment

Geometric Verification

Figure 2.1 SfM pipeline [32]

The process begins with correspondence search, where overlapping parts in the scene
are determined by matching points in overlapping images. This is done by deter-
mining recognizable points in images (features), matching them across images, and
comparing this across images to determine the correspondence and finally verifying
via estimating the geometric transformation between view planes. This is followed
by incremental reconstruction, where the foundational points are used incrementally
to add more images, triangulate scene points and refine the reconstruction.

Structure-from-Motion problem is the fundamental step of reconstruction 3D envi-
ronments from 2D data. It is also the first step of Gaussian Splatting (See 2.2) where
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recorded images are used to calculate both the camera/viewpoint locations and the
initial point cloud. It is also the step where lack of varying angles from having sparse
cameras causes a difference, and thus an important concept to understand for this
project.

2.1.2 COLMAP

COLMAP [31] is a widely used implementation of the entire SfM pipeline. It offers
features for reconstruction of ordered and unordered sets of images. The academic
work behind this open-source implementation also provides a new strategy for SfM
which improved the state of the art of the time, particularly in terms of handling large
sets of images within a single pipeline. fig. 2.2 showcases an example COLMAP
image cloud reconstruction, which has 21K registered out of 75K images.

Figure 2.2 COLMAP Generated Point Cloud [31]

COLMAP is the implementation used for calculating camera positions and the initial
point cloud as the first step of vanilla gaussian splatting pipeline.

2.1.3 Camera Parameters

Various physical parameters affect how a camera captures images of the real world.
These physical parameters are categorized under two categories within the field of
computer vision: Intrinsic and Extrinsic parameters [4]. The values representing in-
ternal characteristics of a camera, such as skew, focal length and camera center are
intrinsic parameters. These values relate to how the camera itself is calibrated, and
do not change unless camera configurations are changed. However, an image is not
only affected by the camera itself but also its orientation. The values defining a cam-
era’s positioning in relation to the image and its rotation are extrinsic parameters.
Extrinsic parameters define the coordinate changes between camera space and world
space, and need to be recalculated every time camera is moved.

In order to get a good understanding of the scene and obtain an accurate reconstruc-
tion, both types of parameters need to be known. 3DGS obtains this information

16



using COLMAP to calculate values from the images, but when there are not enough
images to run COLMAP other strategies will need to be implemented.

2.2 Gaussian Splatting

2.2.1 Neural Radiance Fields

Neural Radiance Fields (NeRFs) [23] are the state-of-the-art method for synthesizing
complete restructure for complex scenes. This method uses a non-convolutional deep
neural network to obtain volume density and radiance for spatial locations, and that
is projected into an image using volume rendering techniques.

While NeRFs are great for photorealistic rendering quality, this method comes at the
cost of costly training and rendering for high visual quality, or a trade-off for speed
over quality. Vanilla 3DGS can render real-time radiance fields with comparative
high visual quality [10] to NeRF at more optimized times in comparison to fastest
previous methods such as Plenoxels [35] and InstantNGP [24]]. Understanding the
limitations of NeRF methods explains why gaussian splatting is the method used for
this project.

2.2.2 3D Gaussian Splatting

Rendering 3D representations most commonly represents data as meshes or points,
as this works well for fast rasterization on a GPU. NeRF methods instead use contin-
uous scene representations of volumetric rays, which has better scene optimization
but is costly in terms of rendering. 3D Gaussian Splatting [10] is a combined tech-
nique which aims to be the middle ground with better parts of both methods, and
does so by representing the scene in gaussian splats.

A gaussian splat is the smallest representation of a particle of the reconstruction,
and it is a 3D ellipsoid primitive carrying information of a mean position, covari-
ance matrix and opacity, together with spherical harmonics coefficients representing
colour.

Camera
Projection

\ Differentiable —_
Tile Rasterizer | +——
Adaptive /

Density Control | — Operation Flow ~ — Gradient Flow

}
w
/]

o — | Initialization Image

SfM Points 3D Gaussians

Figure 2.3 3DGS Pipeline [10]

17



3DGS takes the same input as NeRF methods: many static images covering different
viewpoints around the scene, which is used for getting SfM calibrated cameras and
an initial set of sparse point cloud also obtained with SfM process. With this input an
initial set of 3D gaussians is created, and the properties of the splats are optimized
with adaptive density control steps. During this step gaussians are added or removed
and modified to get a better representation. As final step, GPU sorting algorithms
are used to render real-time rasterization. The efficiency of this method compared to
previous versions comes from the tile-based rasterized which allows o-blending of
splats and prioritizing visibility order. An overview of the pipeline is seen on fig. 2.3.
A representation of how the adaptive density control part optimizes gaussians with
modifications is seen on fig. 2.4

. L
Clone ptimization
Continues
Split ptimization
- a ].l Continues

Figure 2.4 Adaptive Density Control [10]

Under-
Reconstruction

Over-
Reconstruction

3DGS introduces the baseline method of using gaussian splats in novel view synthe-
sis, and all the evaluated methods in the scope of this project are based on this work
primarily.

2.2.3 4D Gaussian Splatting

While 3DGS is a photorealistic and efficient method for novel view synthesis, it is
strictly restricted to static scenes. 4D-GS [34] extends on this work by proposing
an efficient method to representing dynamic scenes, using a novel representation
technique which combines 3D gaussians with 4d neural voxels. This is a faster and
more cost-efficient method than applying 3DGS for each individual frame.

18



In this method, only one set of 3D gaussians is kept. This set of gaussians is com-
bined with a deformation field network, which includes a temporal-spatial structure
encoder and a Gaussian deformation decoder. At each timestamp, the set of 3D gaus-
sians is modified in accordance to the information from the deformation function.
This modification includes both position and shape modifications for accurate mo-
tion representation. The overall pipeline can be seen in fig. 2.5

X, Y, 2: Position of 3D Gaussians
t: Timestamp
Ax, Ay, Az: Deformation of Position Deformed 3D

yt zt Ar, As: Deformation of Covariaiuxf(iégjns G'
Position “
fead g, Ax, Ay, Az

i Splatting
Rotation A :
Hed g, A7 :
Yz Xz Scaling 5o N
Head ¢
Spatial-Temporal Structure Encoder Multi-head Gaussian Deformation Decoder

Figure 2.5 4DGS Pipeline [34]

2.3 Virtual Reality

As this project uses virtual reality (VR) for visualization of the final 3D renderings,
it is important to mention what VR is and why it is a good choice for this purpose.

There are various definitions of VR, but the overall encompassing definition is that
VR is a synthetic computer-generated environment or simulation where the user is
isolated from external observation of their surrounding environment [7]. The build-
ing blocks making up VR environment are 3D artificial environment and a head
tracked display. This is typically accompanied with additional tracking and sensory
input and outputs to increase the feeling of being there.

VR has been useful in improving discovery in fields such as palaeontology or in-
vestigating brain tumours, and is an effective method for big data visualization [3].
This is due to its immersive and realistic nature, where users experience an intuitive
method of interaction with the environment, particularly in 3D. [20]. As our end re-
sults are 3D modelling of real-life objects, we believe the most intuitive and easily
observable way for interacting with the results is a simple VR environment.
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3 Project Overview

This chapter elaborates on the technical setup and benchmark dataset (3.1). Then
3.2 explains the results of our evaluation of the baseline methodology, and finally
3.3 briefly talks about the calibration process.

3.1 Technical Setup and Data Specification

Throughout this project we used the same technical setup, recording environment
and public datasets to keep a fair and easily comparable measurement. Self recorded
evaluations in this project were trained and rendered on a Linux Ubuntu machine
with a single NVIDIA GeForce RTX 5090 GPU and 32 GB of VRAM (Video Ran-
dom Access Memory) using a conda environment with CUDA 13. For the baseline
evaluations,a Linux Ubuntu machine with a single NVIDIA GeForce GTX 1650
GPU and 4 GB of VRAM (Video Random Access Memory), also using a conda en-
vironment with CUDA 13. As different works have different version requirements,
separate virtual environments were set up according to individual guidelines. For the
visualization segment of the pipeline, Meta Quest 3 [21] headset and Unity 6 game
engine were used, along with OpenXR SDK for VR controls.

~

\ -
\\ >}
-
-
Figure 3.1 Meta Quest 3 HMD [21]

As training input, both publicly available training datasets and custom self recorded
data were used. The publicly available training datasets can be accessed online Tanks
and Temples [13]] for static and Neural 3D Video [15] for dynamic.

For the self recorded data, a 4.5x4.5 m? indoor area was used as setting. This en-
vironment was used with different camera placement set ups of four cameras, with
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the goal of achieving broad coverage around the area. Two different models of dome
cameras were used for recording, so the resulting images were manually fixed to have
1024x1024 resolution. Different static and dynamic scenes were recorded, changing
in complexity in terms of movement and amount of objects in the area. Camera
placements tested have been visualized in fig 3.2 along with the names they will be
referred with throughout the rest of this paper.

MOVING CAMERA Diagonals Middles
(a) Moving Camera (b) Diagonals (c) Middles

Figure 3.2 Camera Placements

3.2 Evaluation of Baseline Methodology

As the first step of our pipeline, we set up and verified the results of vanilla 3DGS
and 4DGS. The following subsections will detail our process and show results from
various evaluation trainings. Overall, our evaluation of both vanilla 3DGS and 4DGS
shows that modifications are necessary for a good reconstruction under sparse views.

3.2.1 3DGS with different Parameters

First, we set up 3DGS[10] and trained using publicly available tanks and temples[13]
dataset. From this dataset, we tested and evaluated with Truck and Playroom datasets.
For multiple runs each dataset, we changed training parameters to record and com-
pare changes on training time, qualitative success of the output and splat count.

Training TruckO1 (fig. 3.3) was ran with the parameter modifications : densify grad
threshold = 0.2, densification interval = 1000, test iterations = -1. These modifica-
tions shorten the training process, allowing the training to run with less VRAM. The
training took 45 minutes and the resulting reconstruction has 95,268 splats . Visual
result can be seen in figure. This training priorities efficiency and fast results with the
parameters. This results in a fast training at the cost of many floaters and imperfect
reconstructions. There is also a lot of fragmentation, particularly in the environment
around the truck.
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(c¢) Details Reconstruction

Figure 3.3 Reconstruction Truck 01

To see if our processing/converting step is also good, using the same image dataset
we did the preprocessing manually and used exact same parameters for training to
see how much the results differs. This second training took 38 minutes and result-
ing reconstruction has 42,750 splats. The resulting reconstruction and some details
are shown in fig. 3.4. We decided that the loss of details for minimal training time
efficiency is not a reasonable trade-off. The loss of detail is visible well in the truck
logo text, where in truckO1 the first line "San Pedro" is more legible and the letters
are sharper.
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(c¢) Details Reconstruction

Figure 3.4 Reconstruction Truck 02

We also tested out how much GPU matters, so we used the same dataset to train
on the CPU only. With parameters data device = CPU and r = 2 (reduce quality
by 1/2, so that CPU can handle the training). This took 52 minutes of training, and
resulting reconstruction has 1,075,856 splats. Although removing the memory lim-
itation resulted in much higher splat count, which should allow for better details,
CPU processing did not receive the same level of smooth blending. The edges be-
tween gaussians ended up a lot sharper, resulting in a segmented look. The result
can be seen in fig.3.5. Looking at the writing detail, it can be seen that although
this one has more detail and more legible writing the overall image result is not as
smooth as the previous results. However, the high splat count allowed for more of the
outer environment to be generated, showing parts of the street not visible in previous
results.
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(c) Details Reconstruction

Figure 3.5 Reconstruction Truck 03

Finally, we wanted to test with the default parameters, which resulted in the slowest
output with the most hyper-realistic reconstruction.
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(c¢) Details Reconstruction

Figure 3.6 Reconstruction Truck 04
3.2.2 Camera and Camera Position

After being confident that our set up successfully runs 3DGS with publicly available
datasets, we moved on to testing with our own data. First, we picked a small test
object (fig 3.7) and using a single camera, we recorded a one minute input video
going around the object at different heights for three rounds. As this recording was
meant only to verify our own input can work with the method, image resolution and
full view coverage were not prioritized. The one minute input video was split into
images with 5 FPS (Frames per Second), generating a total of 300 input images. We
ran vanilla 3DGS with default preprocessing, reducing the image quality to 1/4. The
training took 42 minutes on a GeForce GTX 1650 GPU and 4 GB of VRAM.
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Figure 3.7 Small doll

The resulting reconstruction has 795,800 splats, and views from different angles are
shown in fig 3.8. Even though the image quality was reduced and the view coverage
was not complete, a full reconstruction of the object was obtained, with surprisingly
good amount of detail as fur is a difficult material for good reconstructions. Although
it was not one of our primary benchmarks and thus not at all a focus of the input
video, the environment had a recognizable and detailed reconstruction. There were a
lot of floating artifacts and blurry gaussians, but this was to be expected considering
the recording conditions and the environment not being isolated and kept static.

Figure 3.8 Doll 3D Reconstructed
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As the next step we set up our scenario environment with four cameras in different
set ups to go through the pipeline using only fixed cameras. First, we recorded static
and dynamic short scenes with Middles and Diagonals (See section 3.2) setups. The
purpose of Diagonals setup was to create parallax difference in order to observe if
providing different viewing angles of the same object helps differentiate background
and foreground even when the cameras are fixed. The purpose of Middles setup
was to create an evenly distributed view with more coverage around average human
eye-level area likely to have important details, while keeping the realistic case ceil-
ing camera height for one of them. For both setups, however, the static scene 3DGS
pipeline failed on the image preprocessing stage, due to not finding enough good ini-
tial pair matches (See section 2.1). This result verified that the vanilla 3DGS method
cannot generate reconstructions with only four fixed cameras.

Before moving on to evaluating various improvements, we tried one more setup
Moving Camera which is a modified version of Diagonals, where one of the cam-
eras slowly moves between two fixed cameras. This setup was only used to test
whether good results can be obtained if the preprocessing completes successfully by
providing some initial pairs but not complete coverage. With this modification, the
entire pipeline could be ran and a reconstruction was obtained. The most complete
part of the resulting reconstruction can be seen in fig 3.9. However, the tested case
with moving camera did not satisfy our scenario prerequisites and the resulting 3D
reconstruction was not stable enough for easy recognition.

(a) Ground (b) Reconstruction
Truth

Figure 3.9 Reconstruction from Moving Camera

27



3.2.3 4D Gaussian Splatting

For dynamic reconstruction, we first evaluated Vanilla 4DGS [34]] using public
dataset images. This is because since our current setup cannot reconstruct a static
scene, a more complex dynamic scene will also not be reconstructed. For this evalu-
ation we used synthetic dataset bouncing balls from D-NeRF [28] and real life data
cook spinach from Neural 3D video [15] dataset. D-NeRF [28]] is a dynamic neural
radiance field method, but in this work we only used their dataset. These two datasets
for chosen as one is a small scale dataset covering the most simple requirements for
an easy reconstruction, and the other one is real life data with many environmental
details for comparison and a moving human target similar to our goal case. The re-
construction outputs in comparison to ground truth can be seen in figures 3.10 and
3.11. Note that these are example screenshots from a dynamic reconstruction.
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(a) Ground Truth (b) Reconstruction
Figure 3.10 Synthetic Data

(a) Ground Truth (b) Reconstruction

Figure 3.11 Real Life Data
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Since the sparse settings could not generate a reconstruction of the static scene, we
decided to also evaluate sparse vanilla 4DGS on a static scene instead of a dynamic
one, as motion will make getting matching points an even more complex task. With
the Diagonals setup, we tested preprocessing data ourselves step by step to see the
amount of matches. Taking different frames for several iterations, feature matching
resulted in 12, 5, 5, 7 points matching from two images. This means only two cam-
eras can be matched for seeing the same point at a time, and there are very few
matches. Next we changed to Middles set up to test if matching heights makes it
easier to get more initial pairs for feature matching. This resulted in more matches,
but still not enough to continue with next steps.

Overall, our evaluation of both vanilla 3DGS and 4DGS shows that additional in-
formation is required for a good reconstruction under sparse views. As the problem
with sparse input is observable from the first preprocessing step of obtaining match-
ing initial point pairs to calculate camera poses, our work initiated with solutions
to camera pose calculation by introducing external pose prior to bypass the original
4DGS data processing related to COLMAP camera poses initialization stage.

3.3 Calibration

As observed in the evaluation of baseline methodology (see section 3.2), the main
prerequisite to reconstructing the scene is to accurately determine the camera poses.
A setup with only four cameras makes it difficult to obtain poses accurately using
COLMAP. Having fixed and known camera setup can be a replacement by manually
calculating required parameters. The main advantage of having fixed cameras in
a known environment is that we can use the cameras’ positions and orientations
to calculate intrinsic and extrinsic matrices, manually obtaining the required pose
information.

3.3.1 ChArUco Calibration

ArUco Markers [5] are an automatically generated, fiducial marker system popularly
used for camera pose estimation. They are square markers that encode a unique
value useful for correct detection of marker and image correction. These markers
can be generated using openly provided dictionaries which are optimized for distance
within marker and the number of bit transitions. An example set of ArUco Markers
can be seen in fig. 3.12

ArUco markers are popular for fast detection and versatility, but can have accuracy
problems particularly with the corner positioning. Another method for marker detec-
tion and calibration is using chess boards, with which the corners can be identified
more precisely as they are always surrounded by two black squares [26]. The lim-
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Figure 3.12 Aruco Markers

itation of the chessboard method is that the entire board must be visible with no
occlusions, which makes it tricky particularly with multi camera calibration.

The name Charuco is a mesh of the names of the two methods, and describes the
combined method visualized in fig. 3.13 This system allows for using the advantages
of both calibration methods to get camera values.
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Chesshoard ArUco ChArUco

Figure 3.13 Charuco Method

We found the camera poses obtained from this calibration method to be good, so we
used it instead of COLMAP initial poses for our work. Eventually, for Diffuman4D
(See section 5.2.3) we needed very precise camera poses where results from this
method were not enough, so we did further research to find a more advanced multi-
camera calibration method.

3.3.2 Multi-Camera Calibration

Accurate camera parameters are essential for both the generation and reconstruction
stages. We do multi-camera joint calibration using MC-Calib[29], a robust toolbox
for the simultaneous calibration of multi-camera systems via fiducial marker-based
patterns. As the calibration target, we construct a 30x30x30 cm cubic object with
a ChArUco board printed on each face. This 3D calibration object allows multiple
calibration boards to be observed at the same time across cameras with partially
overlapping fields of view, which is well-suited to our four-camera configuration
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where adjacent cameras share limited common visibility. The calibration procedure
produces for each camera a set of intrinsic parameters, which are focal lengths fx,fy,
principal point (cx,cy), and lens distortion coefficients (k1,k2,p1,p2,k3), as well as a
4x4 extrinsic pose matrix representing the camera’s position and orientation in world
space.
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4 Geometry Based Methods and
Evaluation

Before moving to generative completion methods, we first explored whether addi-
tional geometric constraints could stabilize 4DGS under our sparse fixed-camera set-
ting. These experiments were conducted on a static scene instead of a dynamic one.
The reason is that static reconstruction is a simpler version of the same sparse-view
problem. If the geometry cannot be reconstructed reliably when the scene is static, it
is unlikely to become more stable when human motion, temporal deformation, and
changing occlusions are introduced.

The first geometry-based attempt was to add a depth prior into the 4DGS training
process [16,|17]]. Since the vanilla 4DGS optimization mainly relies on image recon-
struction loss [34]], the model can still fit the training views while placing Gaussians
at incorrect depths. This problem becomes more severe under sparse views, where
only a few cameras provide geometric constraints. To reduce this ambiguity, we
generated external depth information using COLMAP dense reconstruction based
on the calibrated camera poses [31, 32]]. The 4DGS renderer was then modified to
output a rendered depth map together with the RGB image. During training, each
rendered depth map was compared with its corresponding COLMAP depth prior us-
ing a masked log-depth L1 loss. Invalid depth pixels were ignored, and the depth
loss was added to the original photometric loss with a small weight.

This depth loss provided an additional geometric anchor for each training view. How-
ever, the resulting reconstruction was still not stable enough for free-viewpoint ren-
dering. Some known camera views became partially recognizable, but the model still
showed fragmented geometry, floating artifacts, duplicated structures, and unstable
shapes when rendered from novel viewpoints. This indicates that per-view depth su-
pervision alone does not solve the sparse-view ambiguity. It constrains the geometry
along each individual camera ray, but it does not force different cameras to agree on
the same shared 3D surface.

To address this limitation, we further explored cross-view geometric consistency
[16]]. The idea was to use synchronized images from different cameras at the same
timestamp. A depth point from one camera can be back-projected into 3D space
using the known camera parameters, and then reprojected into another camera view.
The projected depth can then be compared with the rendered depth in the target
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view. In this way, the constraint is no longer applied only within one camera view,
but across multiple views of the same scene. To support this, the training sampler
was modified so that each training batch could contain multiple camera views from
the same timestamp.

Although cross-view consistency gives a stronger geometric constraint than indepen-
dent depth supervision, it still did not produce a usable reconstruction in our setting.
The output remained broken and noisy, with repeated parts appearing in different
directions. In known views, only limited parts of the scene were recognizable, while
the reconstruction quickly collapsed when the viewpoint moved away from the train-
ing cameras. This result suggests that the main limitation was not only the lack of
depth regularization, but the lack of visual coverage itself. With only four fixed cam-
eras, large parts of the scene remain unobserved, and geometry-based constraints
cannot recover reliable content in those regions.

Based on these observations, the geometry-based route was not selected as the final
solution. Depth priors and cross-view consistency can provide additional constraints,
but they do not create the missing observations required for full 360° reconstruction.
Therefore, the project moved toward generative completion methods, where addi-
tional novel-view images are synthesized before training the final 4DGS model.

33



5 Generative Solutions and
Evaluation

This chapter begins with an overview (5.1), details the methods we tried and the
selection (5.2) and finally ends on our takeaway (5.3).

5.1 Overview

Reconstructing a dynamic human object with full 360° coverage from only four fixed
cameras has an obvious challenge: the sparse viewpoint distribution causes large por-
tions of the object unseen, making geometry-based reconstruction methods ill-posed.
To address this, we attempt an alternative generative completion strategy that uses a
video diffusion model to synthesize dense multi-view data from the sparse camera
inputs, which are then used to reconstruct a 4D Gaussian Splatting representation of
the object.

The pipeline consists of four stages. First, the four cameras are calibrated to obtain
accurate intrinsic and extrinsic parameters. Second, foreground segmentation masks
are extracted for each view. Third, a spatio-temporal diffusion model is used to gen-
erate photorealistic images of the targeted object at a large number of novel view-
points, effectively supplementing the sparse input. Finally, the generated multi-view
images are used to train a 4DGS model, reconstructing a dynamic 3D representation
that provides free-viewpoint observation.

5.2 Method Selection

Generating full coverage observations from sparse camera inputs requires a model
capable of producing spatially and temporally consistent novel-view images of a
dynamic human object. We evaluate three candidate approaches and analyse their
limitations before deciding Diffuman4D [9] as our final choice.
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5.2.1 Single-View Video Generation (Efficient4D)

Efficient4D [27] is a video-to-4D generation framework that takes a single-view
monocular video as input, generates spatially and temporally consistent multi-view
images using a modified SyncDreamer [18] model, and reconstructs a 4D Gaussian
representation from the generated images. Even though the method performs well
on its provided benchmark dataset, it is designed for single-view input and does not
incorporate any human-specific priors. When applied to our own data, the generated
multi-view images have severe body distortion and implausible motion, including
mirrored limb positions and incomplete motion. There are also depth inconsisten-
cies, where 3D objects are reconstructed as flat. Some results can be seen in fig
5.1. Furthermore, the reconstruction quality obtained via its associated 4DGS branch
doesn’t meet our expectation, and the output format is incompatible with our 4DGS
viewer. We therefore exclude Efficient4D from further consideration.

Figure 5.1 Efficient4D results
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5.2.2 Static Novel View Synthesis

Stable Virtual Camera (SEVA) [36] is a diffusion model for static novel view syn-
thesis that takes one or more images as input and generates images at arbitrary target
camera poses. Since SEVA operates on static scenes, we design a two-stage strategy
to handle dynamic content: for each selected timestamp, the corresponding frames
from the four cameras are provided as input to SEVA to generate a static multi-view
video at that moment; this process is repeated across all selected timestamps to pro-
duce a set of per-timestamp multi-view videos, which are then reorganized into a
dynamic multi-view dataset and fed into 4DGS for reconstruction.

Experiments on the cook spinach [15] dataset demonstrate that this strategy is
achievable when the target viewpoints are restricted to the region covered by the
input cameras, giving a recognizable reconstruction with visible motion. However,
when applied to our setup for full 360° dynamic human view synthesis, the gen-
erated results are insufficient for high-quality reconstruction. We conclude this to
three compounding factors. First, our four cameras are separated by distances of
several meters, and the target viewpoint trajectory has a full 360° range, which is
far beyond the angular range that SEVA can reliably generalize to. Second, since
SEVA processes each timestamp independently, variations in the object’s pose across
timestamps cause the independently generated multi-view videos to be mutually in-
consistent. Third, the capture space is open beyond the 4x4 meter frame structure
with no physical boundaries, introducing complex and varying background content
that further causes unstable generation. These factors together prevent SEVA from
producing sufficiently consistent multi-view data for reliable 4DGS reconstruction
in our setting.

(a) Ground Truth (b) Generated Result
Figure 5.2 SEVA Result
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5.2.3 Sparse-View Human Video Diffusion (Diffuman4D)

Given the sparse four-camera input, we adopt Diffuman4D [9] to generate dense
multi-view human videos. Diffuman4D is a spatio-temporal diffusion model de-
signed for high-fidelity novel view synthesis of human performances from sparse-
view video inputs. It takes as input a set of synchronized multi-view videos along
with their corresponding camera parameters and foreground masks, and produces
photorealistic images of the object at a large number of target viewpoints.

The core of Diffuman4D is a sliding iterative denoising mechanism that operates
over a 4D latent grid, where each latent encodes the appearance, camera pose, and
human pose at a specific viewpoint and timestamp. Denoising is performed by al-
ternately sliding a window along the spatial (multi-view) and temporal dimensions,
allowing information to propagate across the full grid without requiring all frames
to be processed simultaneously. This strategy ensures spatio-temporal consistency
across the generated views while keeping GPU memory consumption tractable. In
addition, 2D human skeletons are first estimated for each frame using Sapiens [cite],
a foundation model for human vision tasks, and subsequently triangulated across
views to obtain a 3D skeleton sequence and projected into each target viewpoint as a
structural conditioning signal, which further improves the accuracy of human body
shape and motion in the generated outputs.

In our pipeline, the four calibrated cameras serve as the input views, and Diffuman4D
generates images at a set of target viewpoints specified by their camera poses. The
outputs consist of foreground-only RGBA images stored in the images alpha direc-
tory, together with a transforms.json file containing the camera intrinsic and extrinsic
parameters for all generated views. These outputs form the multi-view dataset used
for the subsequent 4DGS reconstruction stage.

Diffuman4D requires target camera poses to define the viewpoints for novel view
synthesis. To achieve full 360° coverage around the object, we generate a set of
virtual camera poses distributed uniformly around the capture space, derived from
the four real camera poses obtained during calibration.

The scene center p* is estimated by solving a least-squares problem over the four
real camera positions and their viewing directions. The mean camera radius 7 is then
computed as the average distance from the real camera centers to p*. Virtual cameras
are arranged in multiple concentric rings at varying radii and heights relative to p*,
with cameras uniformly distributed in azimuth within each ring. Each virtual camera
is oriented toward p* using a standard look-at formulation, and its intrinsic param-
eters are set to the average of the four real camera intrinsics. The resulting virtual
camera poses, together with the four real camera poses, are passed to Diffuman4D
as target viewpoints.
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Table 5.1 Comparison of generative methods evaluated in this project.

Method Required input Strength Limitation in our Decision
setting
Efficient4dD Single-view Provides a com- Designed for Excluded
monocular video plete video-to-4D  single-view input
generation and and does not
reconstruction include  human-
pipeline specific priors.
On our data, it
produced body
distortion, mir-
rored limbs,
incomplete  mo-
tion, and depth
inconsistency
SEVA Single or multiple  Flexible pose-  Designed for static ~ Excluded
images with target conditioned novel scenes. In our
camera poses view synthesis and  per-timestamp
can generate rec- strategy, indepen-
ognizable results dently generated
when target views timestamps were
are close to input not consistent
views enough for full
360° dynamic
human reconstruc-
tion
Diffuman4D Sparse  synchro- Designed for Requires accu-  Selected

nized real-camera
videos with fore-
ground masks,
real camera poses,
and target camera
poses

sparse-view
human video
synthesis; uses
spatio-temporal
denoising and
skeleton  condi-
tioning;  outputs

foreground RGBA
images and camera
parameters

rate calibration
and clean masks.
Generated videos
can still contain
small temporal
appearance incon-
sistencies

5.3 Takeaway

Diffuman4D [9] is specifically designed for the task of novel view synthesis of
human performances from sparse-view video inputs, which closely matches our
problem setting. Its sliding iterative denoising mechanism ensures spatio-temporal
consistency across a large number of generated viewpoints and timestamps, which
solves the main challenge of the previous two models that is cross-timestamp con-
sistency. Its skeleton-based conditioning provides structural guidance that is partic-
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(a) From 40 virtual cameras setup (b) From 58 virtual cameras setup

Figure 5.3 Diffuman4D results - Wave in Place

(a) From 76 virtual cameras setup (b) From 100 virtual cameras setup

Figure 5.4 Diffuman4D results - Walking Person

ularly effective for handling complex human motion and clothing deformation. Fur-
thermore, its outputs include per-frame foreground RGBA images at all target view-
points along with corresponding camera parameters, forming a complete multi-view
dataset directly suitable for 4DGS reconstruction. Based on these properties and the
superior visual quality of its generated results on our data, we adopt Diffuman4D as
the core generation module in our pipeline.
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6 Segmentation

Our initial research question had the goal of segmenting a dynamic object from the
reconstruction within gaussian space. For this, we began with the method SA4D [8]
but along the pipeline we ended up preferring an initial segmentation of 2D images,
where we only generate the dynamic object and not the rest of the environment.

6.1 Segment Any 4D Gaussians (SA4D)

SA4D [8] segments objects directly in the gaussian space. Their pipeline consists
of several stages including removal of artifacts and using segment anything masks
to determine object to be extracted. While the code is publicly available, there is no
official structured code release. Also, several stages of the pipeline have details omit-
ted. While this work accomplishes our initial goal of segmentation in the gaussian
space, as there is no official release recreating the results requires several manual
steps.

The segmentation process includes manual labelling of objects and SA4D makes use
of Tracking-Anything-with-DEVA [2] to initially segment videos. This model and
the continuing pipeline stages required high processing power. As our goal required
only one object to be segmented and not the entire scene to be labelled, we decided to
make the pipeline lighter by replacing this labelling with creating 2D segmentation
masks ourselves. This modification also aligns with our sustainable development
goal, as having a lightweight pipeline with less power consumption was one of the
targeted improvements.

6.2 2D Segmentation and Mask Generation

We used SAM2 [30] on frames to create black and white segmentation masks for
the dynamic target. While this step was initially meant to replace DEVA for SA4D,
we decided that if we can reconstruct the object after segmenting in the 2D space,
it requires less processing overall and only outputs the requirements, which is a
cleaner and more efficient pipeline. During the testing of various sparse methods,
we also tried using the black and white segmentation masks or a white background
- coloured target segmented image as input. While some branches like multipleview
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which is originally meant for self-recorded data failed to match enough points for
reconstruction; Dnerf branch of vanilla 4DGS with memory use modifications suc-
cessfully reconstructed only the object. Our chosen sparse method Diffuman4D has
its own mask creation stage in the pipeline, however created masks are not very
clean and have cross-object merging particularly in furniture cluttered environment.
Because of this, we used our SAM2 mask script to replace the mask creation step of
Diffuman4D. An example of how the masks differ can be seen in fig. 6.1.

(a) Our SAM2 Generated Mask (b) Diffuman4D Pipeline Mask

Figure 6.1 Masks Generated by Different Methods
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7 VR Visualisation

Final part of the pipeline is importing dynamic gaussian to a VR application to offer
the user an easy and simple way of observing and interacting with the reconstruction
from different angles. The VR environment is intentionally kept simple for better
observation of the target object.

Web viewers such as SuperSplat ! which are useful for visualizing 3D splats cannot
display dynamic scenes.

7.1 Existing Methods

While the term 3DGS is a general reference to method established by Kerbl et al [10],
the same cannot be said for 4DGS or dynamic gaussian splatting. Most commonly
used and referred version is [34] however there are still different methods. As 4DGS
output has not been standardized yet there are no established official frameworks
for it. The provided 4DGS web viewer is not compatible with linux, so a different
approach is required.

Meta Spatial SDK [22], one of the VR SDK options compatible with Meta Quest,
has recently released a developer feature for representing Splats, which at the time
of this project is an experimental feature and unstable. The feature only allows for a
single gaussian splat to be rendered at a time, only allows for relatively small splat
counts and requires 10-15 seconds switching between individual splats. All of these
observations lead to the conclusion that although it is promising to have an upcoming
official release for visualizations, at the time it is unusable particularly for the case
of dynamic scenes.

There are several open source implementations to represent 3D gaussian splats in
unity. The most popular one is "Gaussian Splatting playground in Unity" [6]. This
implementation makes use of the graphics pipeline to add gaussians rendering stage.
An alternative open source approach to displaying gaussians in unity is SplatVFX
[33]]. This plug-in simulates the gaussian splats as a visual effect particle with infinite
lifetime, with additional help from shaders to apply gaussian blurring between splats.
This method works very well for VR since there is visual effect support, and it is not

Uhttps://superspl.at/
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heavy rendering. All of these open source implementations are focused on static 3D
models, so additional modifications are needed for dynamic.

7.2 Our Solution

The vanilla 4DGS paper we worked with uses deformation table on a single 3DGS
output to apply positional changes as a time function, but we can’t run this defor-
mation algorithm within unity in real-time while rendering for Virtual reality due to
the limiting processing power of the quest device. so as our solution, we combined
multiple methods together. We apply the deformation function to the singular 3DGS
output and generate per frame 3D gaussians. we use the method from Splatvfx to
render one frame at a time. We modified the plug-in code so that instead of having
the rendering bound to the splat, we have a custom render manager which renders
two at a time with next frame being invisible to get a smooth transition between
sequential frames, resulting in a stop motion animated dynamic gaussian result.

‘We intentionally kept the VR environment simple and empty in order to focus on the
object, we added some simple ease of interaction features. These include the option
of using the joystick to walk and turn instead of physically, and teleporting to directly
reach behind object or anywhere within the virtual room. Some visuals from the VR
visualization can be seen in 7.1 and 7.2.

Figure 7.2 VR Screenshot for Walk

While the method used satisfies the requirements for working in stand alone mode,
this severely limits ease of interaction as heavy renderings cause lagging which may
cause nausea in most users. Also, stand alone mode requires smaller file sizes and
overall project size, which limits our dynamic time and quality. As representation and

43



easy interaction were the primary goals over stand alone VR, for our demonstrations
we built our visualizer only in PCVR mode.
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8 Final Pipeline

The evaluations and experimentation with different methods led us to a final pipeline,
including additional steps from the initial calibration and continuing with our best
results method tested. The entire pipeline can be seen in (FIG pipeline), and a break-
down of each step is given.

Final Pipeline

Real & Virtual Calibration
MulliF;Camera Virtual
. c I.;’s‘:. Camera
, %/Q‘ &éiga;i?)n Generation
bration Capture ) VR Visualization
Synthetic Image 4D Reconstruction Unity 4DGS Viewer
Generation Vanila 4DGS = ¥
Data Preparation Diffuman4D a ??
P ] 2D Mask Generation Frames
Synchronized Capture ask
—

Figure 8.1 Entire Pipeline

Calibration Capture and Multi-Camera Pose Calibration

In order to do fixed camera calibration, a three minute video is captured holding a
charuco cube. The cube is held in view of each camera for 30 seconds, slowly rotat-
ing and tilting. This video only needs to be captured once, and the same calibration
result can be used for many reconstructions as long as the cameras are not modified
before the synchronized capture.

Since MC-Calib[29] outputs camera poses in OpenCV convention, where the Y-
axis points downward and the Z-axis points forward, a coordinate system conver-
sion is required to match match the OpenGL/NeRF convention expected by Diffu-
man4D(ref), in which the Y-axis points upward and the Z-axis points backward. This
is achieved by negating the second and third columns of the rotation component of
each extrinsic matrix. The converted parameters are serialized into a transformsjson
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file, and it serves as the camera configuration input for the subsequent generation
stage.

Data Collection and Pre-processing

To capture dynamic human performances from multiple viewpoints, we construct a
synchronized four-camera capture system within a controlled indoor environment.
The capture space is built as a 4x4 meter open frame structure, consisting of four
vertical poles and four horizontal bars forming the top perimeter. One camera is
mounted on each vertical pole at the upper-middle position, with all four cameras
placed at a consistent elevation. The orientation of each camera is adjusted so that the
object appears fully within the frame and occupies the maximum possible proportion
of the image area. Each recording session captured simultaneously across all four
cameras.

All captured footage is pre-processed into a unified resolution of 1024x1024 pixels.
For camera calibration, frames are extracted at 2 FPS. For the subsequent generation
stage, frames are extracted at 10 FPS.

Foreground Segmentation and Mask Generation

To separate the human object from the background, foreground segmentation masks
are generated for each camera view. Since the default background removal script
provided by Diffuman4D produced no clean separation between the object and the
background, we replace it with a custom segmentation pipeline that provides cleaner
foreground masks. The resulting masks are stored in the fmask directory as required
by Diffuman4D, and are used during the generation stage to suppress background
regions and focus synthesis on the human object.

Multi-View Data Generation and Novel View Synthesis via Diffuman4D

Given the sparse four-camera input, we adopt Diffuman4D [9] to generate dense
multi-view human videos. Diffuman4D is a spatio-temporal diffusion model de-
signed for high-fidelity novel view synthesis of human performances from sparse-
view video inputs. It takes as input a set of synchronized multi-view videos along
with their corresponding camera parameters and foreground masks, and produces
photorealistic images of the object at a large number of target viewpoints.

The core of Diffuman4D is a sliding iterative denoising mechanism that operates
over a 4D latent grid, where each latent encodes the appearance, camera pose, and
human pose at a specific viewpoint and timestamp. Denoising is performed by al-
ternately sliding a window along the spatial (multi-view) and temporal dimensions,
allowing information to propagate across the full grid without requiring all frames
to be processed simultaneously. This strategy ensures spatio-temporal consistency
across the generated views while keeping GPU memory consumption tractable. In
addition, 2D human skeletons are first estimated for each frame using Sapiens [11],
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a foundation model for human vision tasks, and subsequently triangulated across
views to obtain a 3D skeleton sequence and projected into each target viewpoint as a
structural conditioning signal, which further improves the accuracy of human body
shape and motion in the generated outputs.

In our pipeline, the four calibrated cameras serve as the input views, and Diffuman4D
generates images at a set of target viewpoints specified by their camera poses. The
outputs consist of foreground-only RGBA images stored in the images alpha direc-
tory, together with a transforms.json file containing the camera intrinsic and extrinsic
parameters for all generated views. These outputs form the multi-view dataset used
for the subsequent 4DGS reconstruction stage.

Data Format Adaptation

The outputs of Diffuman4D are reorganized into the format required by the dnerf
branch of 4D Gaussian Splatting [34]. This includes restructuring the images and
camera parameters into the expected directory layout, converting the camera poses
into the dnerf JSON format with normalized timestamps, normalizing the scene
scale, and generating a random point cloud as the initial Gaussian initialization.

Training Configuration

We train the 4DGS model using the dnerf branch of the official 4D Gaussian Splat-
ting implementation with default parameters. Since the full dataset consists of a large
number of frames, directly loading all images into memory exceeds GPU memory
capacity. To address this, we modify the data loading pipeline, by reading images
from disk on demand during training rather than being preloaded in full. Training is
performed using the PyTorch Datal.oader path enabled via the dataloader=True flag,
which avoids Out of Memory (OOM) issues because of the full dataset preloading.

Gaussian Splatting Reconstruction

The frames from both real and synthetic data, as well as the camera transforms are
given to vanilla 4DGS as input. The reconstruction is trained with the dnerf settings
and default parameters.

Post Processing

The result from 4DGS is a single point cloud .ply file and deformation information
in multiple .pth files. However, our viewer takes per timestamp splat files. We use the
"export per frame 3DGS" script provided in 4DGS repository to extract per frame
ply files, then reformat them into the smaller scale splat format.

VR Visualization

The splat files are imported into a unity project, where the customized viewer plays
the per frame splats in sequence.
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O Discussion

This section revisits the three research questions defined at the beginning of the thesis
and discusses how they were addressed through the final pipeline and the experimen-
tal process.

9.1 Research Questions Revisited

RQ 1: How can a stable 4D Gaussian representation be reconstructed from sparse-
view camera input in dynamic scenes?

The experiments show that a stable 4D Gaussian representation cannot be reliably
reconstructed from only four fixed sparse cameras using the original 4DGS pipeline
alone. The sparse camera setting does not provide enough overlapping observa-
tions for COLMAP-based preprocessing or for stable novel-view reconstruction.
Geometry-based constraints, such as depth loss and cross-view consistency, can add
useful supervision, but they are not sufficient to recover unseen parts of the scene.

In our final pipeline, the problem is addressed by combining calibrated camera poses
with generative completion. The four real cameras are first calibrated to obtain ac-
curate intrinsic and extrinsic parameters. Foreground masks are then used to focus
the reconstruction on the target human object. Diffuman4D is used to generate addi-
tional novel-view videos from the sparse input views, creating a denser multi-view
dataset. This generated dataset is then converted into the required 4DGS format and
used to train the final 4D Gaussian representation.

Therefore, the stable reconstruction is not achieved by directly applying 4DGS to the
four real cameras. Instead, the sparse-view input is first expanded into a denser view
setting through generative completion. This makes the reconstruction more suitable
for free-viewpoint visualization and later VR playback. However, the stability of
the final 4DGS model still depends on the consistency and quality of the generated
views.

RQ 2: Under a sparse fixed-camera setting, how do generative completion meth-
ods compare to geometry-based approaches in maintaining stable and consistent 4D
reconstructions for dynamic objects?
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The comparison shows that geometry-based approaches and generative completion
methods address different parts of the sparse-view problem. Geometry-based meth-
ods try to regularize the reconstruction using additional constraints, such as depth
priors or cross-view reprojection consistency. These methods can help reduce ambi-
guity in observed regions, but they cannot provide visual information for parts of the
object that are never seen by the sparse cameras.

This limitation was visible in our geometry-based experiments. Even when depth su-
pervision and cross-view consistency were added, the reconstruction remained frag-
mented and unstable under novel viewpoints. The model could partially fit some
known camera views, but it still produced floating artifacts, duplicated structures,
and broken geometry when rendered from unseen directions. This indicates that the
main limitation was not only the lack of geometric regularization, but also the lack
of view coverage.

Generative completion methods are more suitable for this setting because they di-
rectly synthesize the missing views before the 4DGS reconstruction stage. However,
the tested generative methods were not equally suitable. Efficient4D was designed
for single-view video input and did not provide stable human reconstruction on our
data. SEVA could generate recognizable results in more restricted settings, but it
processes timestamps independently and is not designed for temporally consistent
dynamic human reconstruction. Diffuman4D was the most suitable method because
it is designed for sparse-view human videos and includes spatio-temporal consis-
tency and human pose guidance.

Based on these results, generative completion was more effective than geometry-
based methods for our final goal. The reason is that full 360° dynamic human
reconstruction requires not only geometric regularization, but also additional visual
observations. For this project, generating these missing observations before 4DGS
training was more practical than trying to recover them only through geometric
losses.

RQ 3: Given a stable reconstruction, how well can dynamic objects be segmented
directly in Gaussian space?

In the final pipeline, dynamic objects were not segmented directly in Gaussian space.
The original plan was to evaluate Gaussian-space segmentation methods such as
SA4D. However, after selecting Diffuman4D as the generative completion method,
this step became unnecessary for the current scope. Diffuman4D is designed for
human performance synthesis, and its preprocessing and generation pipeline already
focuses on the foreground human subject.

In our implementation, foreground segmentation is performed before the generation
and reconstruction stages. The input images are processed with foreground masks,
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and the generated outputs are foreground-only RGBA images. As a result, the 4DGS
model is trained mainly on the target human object rather than on a full scene con-
taining both foreground and background. This means that object separation is han-
dled before reconstruction, instead of being performed as post-processing in Gaus-
sian space.

For the goal of visualizing a single dynamic human object in VR, this approach is
more direct and practical. Removing the background before training prevents irrel-
evant scene content from becoming part of the Gaussian representation and reduces
the need to label or separate Gaussians after reconstruction. However, this also means
that RQ3 was not fully evaluated in its original form. This thesis does not demon-
strate direct Gaussian-space segmentation of dynamic objects from a complete re-
constructed scene. Instead, it shows that for a target-object reconstruction pipeline,
foreground segmentation at the image preprocessing stage can replace Gaussian-
space segmentation.

If the future goal is to reconstruct a complete scene with multiple dynamic or static
objects, Gaussian-space segmentation methods would still be relevant. For the cur-
rent scope, where the target is one dynamic human object, pre-segmentation before
4DGS reconstruction is the more suitable solution.

9.2 Limitations and Implications for VR

Although the final pipeline provides a recognizable dynamic human reconstruction
that can be observed from different directions, several limitations remain when the
result is used in VR. These limitations are not only related to reconstruction quality,
but also affect how the user can view and interact with the reconstructed object.

The first limitation is visual clarity during immersive observation. The final recon-
struction preserves the overall human shape and motion, but the object is not consis-
tently sharp in all regions. In a normal rendered video, such blur or small artifacts
may be less noticeable because the camera path is fixed. In VR, however, the user
can move closer to the object, change viewing angle freely, and inspect details from
arbitrary positions. This makes fuzzy surfaces, floating Gaussians, and boundary
noise more visible than in a fixed 2D rendering. Therefore, the current result is more
suitable for general observation and recognition than for detailed inspection of fine
appearance.

Another limitation is related to dynamic playback in VR. The original 4DGS rep-
resentation contains deformation information over time, but the VR viewer does
not run this deformation process directly in real time. Instead, the dynamic result
is exported as per-frame splat files and played sequentially in Unity. This makes
visualization feasible, but it also limits temporal resolution, file size, and headset
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performance. As a result, the current implementation is more suitable as a PCVR
demonstration of dynamic Gaussian playback than as a fully optimized VR system.

Overall, these limitations show that the pipeline is effective for demonstrating sparse-
camera dynamic human reconstruction in VR, but its current use case is mainly vi-
sual observation. More demanding VR applications, such as close-range inspection,
object editing, multi-object interaction, or standalone deployment, would require fur-
ther improvements in reconstruction quality and real-time rendering efficiency.

9.3 Future Work

9.3.1 Confidence-Aware Training for Generated Multi-View Data

One limitation observed in the final pipeline is that the quality of the 4DGS recon-
struction is strongly affected by the temporal consistency of the generated images.
Diffuman4D produces clear and usable foreground images at individual frames and
viewpoints. But when the generated virtual-camera sequences are viewed as videos,
small frame-to-frame inconsistencies can still be observed. Compared with the real
camera sequences, where clothing, facial appearance, and body texture remain al-
most unchanged over time, the generated sequences always contain subtle changes
in local details. For example, the apparent size of shoes, clothing texture, or small
body details may change slightly between neighboring frames.

Although these inconsistencies are small in individual images, they become impor-
tant when the images are used as training data for 4DGS. The reconstruction model
treats the generated frames as supervision, so it has to fit slightly different appear-
ances of the same object across time. This can lead to a final 4DGS model that is
recognizable from all directions and preserves the overall human motion, but still
appears fuzzy or blurry instead of sharp. This suggests that improving the recon-
struction quality requires not only better generated images, but also a better way of
handling generated data during 4DGS optimization.

A possible future direction is to introduce confidence-aware training for generated
multi-view data. Efficient4D uses a confidence-weighted loss to reduce the influence
of inconsistent generated pixels during 4D reconstruction. Its confidence maps are
estimated from temporal consistency: if the current frame can be well reconstructed
from neighboring frames through video interpolation or warping, the corresponding
pixels are treated as more reliable; if the current frame differs strongly from the
neighboring-frame prediction, the corresponding pixels receive lower confidence.
This idea is relevant to our pipeline because the main artifacts in our generated data
are also temporal appearance changes rather than complete failure in every frame.

However, this mechanism cannot be directly reused without modification. Effi-
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cient4D is designed for a single-view video-to-4D setting, and its reconstruction
branch expects a specific generated data format. Our pipeline instead uses sparse
multi-view human videos, Diffuman4D-generated virtual-camera sequences and the
vanilla 4DGS implementation. Therefore, future work would need to adapt both the
confidence computation and the 4DGS training loss to this different setting. This
includes computing confidence maps for each generated virtual camera over time,
aligning them with the corresponding RGBA frames, and modifying the vanilla
4DGS loss so that inconsistent regions contribute less to the optimization. Such a
confidence-aware strategy could help reduce blur and texture averaging caused by
generated-frame inconsistency, while still preserving the view coverage provided by
Diffuman4D.

9.3.2 Cleaner Foreground Gaussian Reconstruction and Segmentation

Another direction for future work is to obtain a cleaner Gaussian representation of
the target object. In this thesis, we did not separately implement Gaussian-space
segmentation. Instead, segmentation was moved to the preprocessing stage: the input
and generated data were already foreground-focused, and the final 4DGS model was
trained mainly on images containing only the human object. This was sufficient for
the current goal of visualizing one dynamic human subject, but it does not fully solve
the problem of producing a clean foreground-only Gaussian model.

This limitation became visible when comparing different 4DGS training branches.
The multipleview branch was able to preserve clearer human features in some tests,
but it was not suitable for the foreground RGBA images used in our final pipeline.
When white-background images or transparent-background images were adapted for
this branch, the reconstructed model still contained sparse white Gaussians around
the human body. These residual Gaussians made the foreground object less clean and
introduced visible noise around the target. The dnerf branch handled the foreground-
only data more cleanly in this respect, but the reconstruction quality was less sharp
than what the multipleview branch could sometimes preserve.

This suggests that foreground segmentation before training is helpful, but not always
sufficient. Even if the 2D images contain only the target person, the 4DGS optimiza-
tion can still create noisy or unnecessary Gaussians around the object boundary.
Similar residual Gaussians can also be observed in example results from related
generated-data 4DGS pipelines, where a sparse halo of points remains around the
target object. This indicates that clean object-level Gaussian reconstruction is still an
open practical issue when using generated or foreground-segmented training data.

Future work could therefore explore alpha-aware or mask-aware 4DGS training,
where the foreground mask or alpha channel is used not only to remove the back-
ground image content, but also to constrain opacity and Gaussian placement during

52



optimization. More advanced Gaussian-space segmentation methods could also be
used to separate the target object from residual background or boundary artifacts.
These directions would be especially important if the final output is intended for VR,
because floating or noisy Gaussians around the object become more visible when the
user can observe the reconstruction from arbitrary viewpoints.
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10 Conclusion

Novel View Synthesis and 3D reconstruction are constantly explored and improved
by research, and will see many improvements in the upcoming years. Gaussian Splat-
ting is one of the corner stones of this advancement, providing a baseline for many
works and improving upon state of the art particularly in terms of efficiency. This
thesis explored gaussian splatting particularly in dynamic scenes, focusing on its
evaluation for real use case friendly sparse camera environments. This evaluation
was done by testing vanilla methodology, attempting geometry based and generative
solutions, and finally attempts on improving upon the quality of best results to pro-
vide a usable end to end pipeline. Final pipeline begins from the environment setup
and recording stages, and describes all steps to end on a virtual reality display of
results. This work focuses on the tasks of sparse view and dynamic target segmen-
tation for Gaussian Splatting, but there are many future improvements to be made
both in these areas and other aspects such as training speed or memory efficiency.
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