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Abstract

Recent advances in neural rendering have greatly improved the realism and efficiency of digitizing
real-world environments, enabling new possibilities for virtual experiences. However, achieving high-
quality digital replicas of physical spaces is challenging due to the need for advanced 3D reconstruction
and real-time rendering techniques, with visual outputs often deteriorating in challenging capturing
conditions. Thus, this thesis explores point-based neural rendering approaches to address key chal-
lenges such as geometric inconsistencies, scalability, and perceptual fidelity, ultimately enabling realis-
tic and interactive virtual scene exploration. The vision here is to enable immersive virtual reality (VR)
scene exploration and virtual teleportation with the best perceptual quality for the user.

This work introduces techniques to improve point-based Novel View Synthesis (NVS) by refining geo-
metric accuracy and reducing visual artifacts. By detecting and correcting errors in point-cloud-based
reconstructions, this approach improves rendering stability and accuracy. Additionally, an efficient ren-
dering pipeline is proposed that combines rasterization with neural refinement to achieve high-quality
results at real-time frame rates, ensuring smooth and consistent visual output across diverse scenes.

To extend the scalability of neural point representations, a hierarchical structure is presented that effi-
ciently organizes and renders massive point clouds, enabling real-time NVS of city-scale environments.
Furthermore, a perceptually optimized foveated rendering technique is developed for VR applications,
leveraging the characteristics of the human visual system to balance performance and perceptual qual-
ity. Lastly, a real-time neural reconstruction technique is proposed that eliminates preprocessing re-
quirements, allowing for immediate virtual teleportation and interactive scene exploration.

Through these advances, this thesis pushes the boundaries of neural point-based rendering, offering
solutions that balance quality, efficiency, and scalability. The findings pave the way for more interactive
and immersive virtual experiences, with applications spanning VR, augmented reality (AR), and digital
content exploration.






Zusammenfassung

Jungste Fortschritte im Bereich des neuronalen Renderings haben den Realismus und die Effizienz
der Digitalisierung realer Umgebungen erheblich verbessert und eréffnen neue Moglichkeiten fiir im-
mersive virtuelle Erlebnisse. Die Erstellung hochwertiger digitaler Repliken physischer Raume stellt
eine Herausforderung dar. Grund dafiir ist, dass fortschrittliche Techniken der 3D-Rekonstruktion und
des Echtzeit-Renderings erforderlich sind, wobei visuelle Ausgaben haufig von schwierigen Aufnah-
mebedingungen beeintrachtigt werden. Diese Dissertation untersucht daher punktbasierte neuronale
Rendering-Ansitze, um zentrale Herausforderungen wie geometrische Inkonsistenzen, Skalierbarkeit
und wahrgenommene visuelle Treue zu adressieren, und erméglicht so eine realistische und interak-
tive virtuelle Szenenerkundung. Die Vision besteht darin, immersive Szenenerkundung fiir virtuelle
Realititen (VR) und virtuelle Teleportation mit der bestméglichen wahrgenommenen Qualitét fiir den
Benutzer zu erméglichen.

Diese Arbeit stellt Techniken vor, um die punktbasierte Synthese neuer Ansichten zu verbessern, indem
die geometrische Genauigkeit verfeinert und visuelle Artefakte reduziert werden. Durch die Identifi-
kation und Korrektur von Fehlern in punktwolkenbasierten Rekonstruktionen verbessert unser Ansatz
die Rendering-Stabilitdt und Genauigkeit. Zudem schlagen wir eine effiziente Rendering-Pipeline vor,
die Rasterisierung mit neuronaler Verfeinerung kombiniert, um hochwertige Ergebnisse mit Echtzeit-
Bildraten zu erzielen und so eine gleichméflige und konsistente visuelle Ausgabe tiber verschiedene
Szenen hinweg zu gewahrleisten.

Zur Erweiterung der Skalierbarkeit neuronaler Punktdarstellungen prasentieren wir eine hierarchi-
sche Struktur, die massive Punktwolken effizient organisiert und rendert, wodurch die Echtzeit-
Visualisierung von grofiflichigen Umgebungen erméglicht wird. Dartiber hinaus wird eine wahr-
nehmungsoptimierte Rendering-Technik fiir VR-Anwendungen entwickelt, die die Eigenschaften des
menschlichen visuellen Systems nutzt, um Leistung und wahrgenommene Qualitat auszubalancieren.
Abschlieffend schlagen wir eine Echtzeit-neuronale Rekonstruktionstechnik vor, die Vorverarbeitungs-
anforderungen eliminiert und so sofortige virtuelle Teleportation und interaktive Szenenerkundung
ermoglicht.

Durch diese Fortschritte erweitert diese Dissertation die Grenzen des neuronalen punktbasierten Ren-
derings und bietet Losungen, die Qualitat, Effizienz und Skalierbarkeit in Einklang bringen. Unsere
Ergebnisse ebnen den Weg fiir interaktive und immersive virtuelle Erlebnisse, mit Anwendungen in
den Bereichen VR, augmentierte Realitat (AR) und digitale InhaltserschlieSung.
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CHAPTER 1

Introduction

Interactive exploration in digital replication of real-world environments have long been fundamental
goals in computer graphics and computer vision. Advances in these fields have led to increasingly real-
istic virtual representations [Tewari et al. 2022], enabling applications in gaming, Virtual Reality (VR),
urban planning, and autonomous navigation. However, achieving high-fidelity digital twins of physical
spaces remains a complex challenge, requiring sophisticated techniques for reconstructing digital 3D
representations from captured real-world data and for the real-time rendering of them. Despite signif-
icant progress, key issues persist in capturing fine-grained details, ensuring computational efficiency
on large-scale captures, and maintaining consistent rendering for the complex human visual system.

To achieve this goal, digital scene reconstruction and rendering form the two core stages of the pipeline.
In the reconstruction phase, a digital model of the environment is generated by capturing images using
video or photo cameras, often supplemented with additional sensing modalities such as Light Detection
and Ranging (LiDAR) [McManamon 2019] or depth cameras [Zollhofer et al. 2018] to provide distance
information. These images are then aligned with one another through registration techniques [Schon-
berger and Frahm 2016] and subsequently processed into a coherent scene representation that inte-
grates both geometric structure and appearance, ensuring an accurate digital replica of the physical
world [Schonberger et al. 2016].

After constructing the scene representation, it is possible to render it from new angles that were not
part of the initial capture, a process called Novel View Synthesis (NVS) [Shum et al. 2008]. This allows
for a flexible and engaging viewing experience, letting users examine the digital environment from var-
ious positions. To preserve realism, the rendering must produce visually consistent and high-fidelity
outputs. Furthermore, for interactive applications where users can navigate the scene by altering their
position and viewpoint in real-time, high rendering performance is essential to provide smooth, low-
latency feedback. Looking at VR, where a user is fully immersed in the digital world through head-
mounted displays, ensuring a seamless and responsive experience is vital. Similarly, in Augmented
Reality (AR), where digital elements are overlayed with the real world, the same is true with the addi-
tional constraint of ensuring realism in displayed elements.

A promising approach to improve the reconstruction-to-rendering pipeline is differentiable render-
ing [Kato et al. 2020]. Unlike traditional rendering pipelines, which operate in a feedforward manner,
differentiable rendering allows gradients to propagate through the rendering process, making it possi-
ble to refine scene representations based on renderings of observed images. This capability is partic-
ularly valuable for inverse problems, such as optimizing geometric structures, materials, and capture
positions to achieve a more accurate reconstruction. By integrating differentiable rendering, it becomes
possible to iteratively refine digital models, improve consistency between captured and rendered views,
and enable self-supervised learning approaches for scene understanding. Consequently, differentiable
rendering plays a crucial role in the advancement of realistic, high-fidelity digital representations that
support interactive exploration and analysis.

This thesis aims to enable VR-ready scene exploration and virtual teleportation from the goal-oriented
perspective of arriving at the best perceptual quality for the user. However, several challenges must
be addressed to achieve this objective. Inaccuracies in scanning, image registration, and material rep-
resentation can lead to visual artifacts and misalignments, undermining realism. Moreover, to align
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with the characteristics of the human visual system, the rendering process must ensure smooth mo-
tion, proper depth perception, and perceptual continuity, preventing distractions such as flickering or
abrupt changes in appearance. Furthermore, rendering performance must be optimized to deliver low-
latency real-time feedback, which is particularly critical for immersive VR experiences. This can be
especially challenging in large-scale urban scenarios, where users explore whole cities. Finally, gener-
alization across diverse scenes remains a significant challenge, as the pipeline must adapt to varying
geometries and textures without extensive per-scene fine-tuning.

In this work, we propose a point-based representation for both the reconstruction and rendering of
digital environments. This representation is grounded in a Lagrangian formulation, providing an ex-
plicit and manipulable structure for scene modeling. The points used in this approach can be derived
from sources such as image-to-image point matching or LiDAR scans, offering a flexible means of cap-
turing scene geometry. However, while this point-based representation effectively captures the broad
structure of the environment, it fundamentally misses finer details — issues that we address through
advanced refinement techniques.

Building on this foundation, we extend the basic point primitive with a trilinear splatting formula-
tion that facilitates accurate differentiable refinement of both geometry and camera poses, allowing for
more precise scene optimization. This method enables iterative adjustments to the scene representa-
tion, improving both its accuracy and consistency with real-world data. Furthermore, our point-based
approach is scalable and capable of handling large-scale environments that involve hundreds of mil-
lions of points by extending it with hierarchical rendering and optimization structures. This scalability
ensures that the representation remains effective even for complex city-scale scenes.

The flexibility of the point-based primitives also allows for seamless integration with the properties
of the human visual system, improving the perceptual coherence of the rendered environments. This
integration ensures that the real-time rendering process aligns more closely with how humans perceive
visual stimuli, enhancing realism and reducing perceptual discrepancies. Additionally, extensions sup-
port ad hoc rendering during the capture process, which eliminates the need for extensive preprocess-
ing. This capability allows for more immediate rendering results, enabling users to explore the virtual
environment immediately in real-time as capturing is performed.
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Contribution of this Thesis

The vision of this thesis is to allow a user to realistically explore and teleport into real-world environ-
ments virtually, whether through VR, AR, or traditional desktop interfaces. Consequently, this work
advances the current standards in neural differentiable rendering to facilitate these novel capabilities.

The vision entails numerous requirements, which we examine with a goal-driven approach. The human
visual system is highly sensitive to rendering artifacts such as unnatural lighting, geometric errors, and
temporal inconsistencies such as flickering [Weier et al. 2017]. These irregularities can greatly affect
the perception of realism, as the human visual system is adept at detecting deviations from expected
patterns. Achieving this with typical 3D reconstruction and rendering methods requires optimal con-
ditions, as inaccuracies in the stages of capturing, reconstruction, or rendering lead to noticeable errors
that propagate throughout the pipeline.

As such, in this thesis, we introduce methods to achieve high-fidelity VR-ready NVS, which refine the
scene parameters efficiently for robust results in various challenging scenarios. We present a review of
the background of these techniques in Chapter 2, which will also provide context for the terminologies
used in the following description of contributions.

Our approach builds on neural point rendering pipelines [Aliev et al. 2020; Riickert et al. 2022], which
typically rasterize a point cloud into pixel-sized splats, then process these sparse renderings with a
neural network.

Chapter 3, based on the publication Franke et al. [2023], details our approach to resolving geometric
reconstruction inaccuracies by elevating visual errors into 3D space and rectifying the inaccuracies
within that domain. Furthermore, it introduces a cleaning approach for point clouds using a blending
formulation during optimization.

Next in Chapter 4, based on Franke et al. [2024], we introduce a stable, versatile, and adaptable scene
representation for efficient optimization of scene parameters through differentiation, in addition to
enabling fast rendering. This is based on a novel trilinear splatting formulation for smooth point ren-
dering. The representation also allows us to strongly reduce the reliance on a neural network for point
rendering processing.
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Figure 1.1: Contributions of this thesis. A classical neural point pipeline [Aliev et al. 2020; Riickert et al. 2022]
(top, in grey) renders a point cloud with a set of camera parameters, then processes the result with a neural
network. We contribute the following to the pipeline: Geometric refinement with VET [Franke et al. 2023]
(purple, in Chapter 3). Smooth rendering with stable gradients and smaller neural networks with TRIPS [Franke
et al. 2024] (green, Chapter 4), large-scale rendering through hierarchical structuring with NePO [Lewis et al.
2025] (orange, Chapter 5), VR-ready foveated rendering with VR-Splatting [Franke et al. 2025] (red, Chapter 6),
and an ad-hoc, zero-preprocessing system with Inovis [Harrer et al. 2023] (blue, Chapter 7).

Subsequently, in Chapter 5, based on Lewis et al. [2025], we expand scalability by accommodating
entire city-scale scenes through hierarchical structuring, moving beyond the typical focus on individual
objects or room-centric scenes. We group points into an octree structure, and use Level of Detail (LoD)
culling strategies to allow for hundreds of millions of points to be processed.

In Chapter 6, we address the challenging hardware requirements of VR rendering by exploiting the
visual acuity falloff of the human visual system. This enables us to seamlessly integrate rendering
shortcuts that remain visually undetectable. We achieve this by blending the advantages of neural
point rendering with Gaussian splat-based rendering [Kerbl et al. 2023], which offer complementary
benefits in terms of performance scaling. This chapter is based on the publication Franke et al. [2025].

Lastly, we present a module designed for instantaneous virtual teleportation, eliminating the processing
time usually required after scene capture (Chapter 7). This chapter, based on the publication Harrer and
Franke et al. [2023], introduces ad-hoc NVS by combining a neural rendering structure from real-time
super-sampling with neural point-based rendering and image-based warping.

Our contributions to the neural point-based pipeline are shown in Fig. 1.1. VET (Chapter 3, purple)
augments the neural point rendering pipeline by completing the point cloud based on rendering results.
TRIPS (Chapter 4, green) and NePO (Chapter 5, orange) change the rendering process with smooth
blending or octree-based culling, while using TRIPS also allows shrinking the neural network. VR-
Splatting (Chapter 6, red) employs neural point rendering for the fovea and Gaussian splat rendering
for the periphery, smoothly blending the two methodologies. Inovis (Chapter 7, blue) changes the
neural network to also incorporate nearby views, which removes the need for per-scene neural point
optimization.






CHAPTER 2
Background

In this chapter, we review the common capture and processing pipelines for NVS and identify weak
points. NVS here describes the task of generating new views of a scene given a set of input images.
These images are either captured individually via a digital camera, or in bulk via video recording or
specialized capturing rigs, e.g. a light stage.

Traditionally, novel views are rendered after representing a scene as a 4D light field rendering ap-
proach [Gortler et al. 1996; Levoy and Hanrahan 1996], a special case of the plenoptic function, which
describes the flow of light in a scene. In the absence of occluders and given a sufficiently high captur-
ing density, this function enables the synthesis of novel views through interpolation between captured
images. This approach is only dependent on input views for camera positions on a 2D plane. However,
the inclusion of 3D geometric information in view-dependent texturing [Debevec et al. 1996] or with
unstructured Lumigraph rendering [Buehler et al. 2001] allows arbitrary capture positions and provides
good results by warping captured images on the geometry proxy. This is commonly called Image-based
Rendering (IBR) [Debevec et al. 1998; Shum and Kang 2000].

The conventional IBR pipeline requires the following three scene parameters:

1. Extrinsics Parameters (Poses): To determine where each input image was captured, it is nec-
essary to estimate or obtain its relative pose, including position and orientation. This information
is crucial for identifying which image corresponds to specific sections of the scene and, conse-
quently, the novel view.

2. Intrinsic Parameters (Camera Parameters): Intrinsic parameters are required for every cap-
ture device. In the case of RGB captures, this involves the focal length, optical center, and lens
distortions. In addition to poses, these parameters are essential for converting image pixels into
3D space coordinates.

3. 3D data: A general 3D proxy is required, typically in the form of a mesh. This mesh is derived
from a 3D point cloud, created by merging depth maps from individual images. These maps,
using combined poses and intrinsic parameters, can be back-projected to form 3D point maps.

A common workflow for IBR involves the use of a photogrammetry software (such as COLMAP [Schén-
berger and Frahm 2016; Schonberger et al. 2016]) to estimate the necessary scene parameters and use
image warping for NVS [Shum et al. 2008] (see Fig. 2.1). However, inaccuracies in pose estimation, in-
trinsic calibration, or depth reconstruction can introduce errors, leading to misalignments, distortions,
or missing details in the final scene representation. These challenges affect the quality and consistency
of NVS, highlighting the need for robust reconstruction techniques.

In this chapter, we review the capture process and the existing literature that aims to mitigate recon-
struction artifacts. We also discuss weaknesses and benefits, as for our vision, we require a flexible
representation, which allows for optimization of all input parameters while allowing fast and percep-
tually accurate rendering.
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Figure 2.1: IBR scheme. The image data from a set of input views (green) are projected (grey) via a geometric
proxy (blue) to a novel view (black).

2.1 3D Proxy and Camera Parameter Estimation

In the following, we recap the common 3D reconstruction pipeline, followed by how active sensing and
on-the-fly algorithms fit into this pipeline.

2.1.1 3D Reconstruction (Photogrammetry)

The typical 3D reconstruction process involves Structure-from-Motion (SfM) and Multi-view Stereo
(MVS). Initially, the focus is on accurately calculating extrinsic and intrinsic parameters through sparse
3D point triangulation. Subsequently, a detailed 3D model of the scene is generated as a point cloud or
triangle mesh.

Structure-from-Motion. In SfM [Snavely et al. 2006], a sparse reconstruction is computed, which
consists of a couple of thousand 3D points and poses for the input images. The process begins by
detecting key feature points in each image using algorithms such as SIFT [Lowe 1999]. These features,
which represent distinct parts of the scene, such as edges or corners, are then tracked across multiple
images. Feature points are matched between all images and each camera pose is estimated with the
feature points, resulting in 3D points, camera poses, and intrinsic parameters. Subsequently, bundle
adjustment is used to refine these parameters, iteratively reducing the reprojection errors for the feature
points across all images. Using an iterative approach, this process starts with a pair of views and then
is extended to include more views [Schonberger and Frahm 2016]. A result of this pipeline can be seen
in Fig. 2.2.

An alternative to the iterative approach is the global SfM approach, where the parameters of all images
are solved simultaneously. This is done by minimizing the error in the relative rotations first [Hartley
etal. 2013], then estimating the camera positions. Finally, global bundle adjustment refines both camera
positions and 3D points. This approach offers better scalability compared to incremental methods, but
faces key challenges related to accuracy that need to be carefully resolved [Pan et al. 2024].
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Figure 2.2: COLMAP’s sparse reconstruction [Schonberger and Frahm 2016] result, with the cameras colored
in red and the sparse point cloud colored with the image colors. The figure is taken from the COLMAP project
page [Schonberger 2024], based on Schonberger and Frahm [2016] ©IEEE 2016.

Figure 2.3: Examples of COLMAP’s dense reconstruction [Schonberger et al. 2016]. Promising results can be
seen, but holes and artifacts are still visible in the point clouds. The figure is taken from the COLMAP project
page [Schonberger 2024] based on Schonberger et al. [2016]. Reprinted with permission from Springer Nature
Customer Service Centre GmbH: Springer Nature, ECCV, ©2016.

Multi-view Stereo. Unlike the sparse point cloud of SfM, MVS [Furukawa et al. 2010; Goesele
et al. 2007; Hartley and Zisserman 2003] aims to create a highly detailed and dense 3D reconstruc-
tion. This is done by estimating 2D depth maps for each image, which represent per-pixel distances
from the captured position. Estimating depth maps is usually done with matching image patches be-
tween images and minimizing dense photometric energy via Normalized Cross-Correlation (as in i.e.
COLMAP [Schonberger et al. 2016]). An example of this can be seen in Fig. 2.3. Texture-scarce regions
present significant challenges for depth estimation, often resulting in sparse depth maps.

More recently, deep learning-based MVS-net methods [Yao et al. 2018] build on the plane-sweep al-
gorithm [Collins 1996] for reconstruction, sparking strong interest in this subfield. In it, the works
improve quality through attention modules [Ding et al. 2022; Liao et al. 2022a; Liu et al. 2023], coarse-
to-fine schemes [Cheng et al. 2020; Gu et al. 2020; Wang et al. 2023b; Xu and Tao 2019; Yang et al.
2020c], the use of plane priors have been shown to be effective [Wang et al. 2023b; Xu et al. 2022a;
Yuan et al. 2024], recurrent neural networks [Wei et al. 2021; Yan et al. 2020; Yao et al. 2019], 3D Con-
volutional Neural Networks (CNNs) [Zhu et al. 2021] and vision transformers [Cao et al. 2022, 2024].
These methods dominate the established Tanks & Temples benchmark [Knapitsch et al. 2017], however,
conventional frameworks such as COLMAP are still more widely used.

The resulting depth maps are then fused, resulting in a dense 3D point cloud. Optionally, this point cloud
is then meshed (via e.g. Delaunay triangulation).

Discussion. SfM and MVS pipelines offer a flexible and widely used approach for 3D reconstruction,
leveraging captured images to estimate camera poses and dense depth information. One of their key
advantages is the ability to reconstruct large-scale scenes from standard camera equipment without
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requiring specialized sensors. Additionally, these methods benefit from decades of research in feature
matching, geometric optimization, and multi-view depth estimation, making them well-supported and
robust in many scenarios.

However, the quality of the final 3D reconstruction is highly dependent on capturing conditions and ma-
terial properties. Pose estimation inaccuracies can introduce misalignments that propagate through the
pipeline, leading to depth map inconsistencies that degrade the resulting point cloud or mesh. Similarly,
depth estimation errors, particularly in textureless, reflective, or occluded regions, result in missing or
noisy geometry. These limitations often cause NVS outputs to suffer from blurring, ghosting, or struc-
tural artifacts due to incorrect or incomplete scene information [Chaurasia et al. 2013; Eisemann et al.
2008]. While post-processing techniques can mitigate some of these issues, they add computational
complexity, highlighting the need for more robust and adaptive reconstruction methods.

2.1.2 Additional Capturing Modalities

Beyond photo image capture, various additional sensing modalities can enhance the reconstruction
process by providing complementary information. These modalities are particularly useful for address-
ing limitations in depth estimation and camera localization, which are common challenges in purely
image-based methods. By incorporating additional data sources, reconstruction pipelines can achieve
greater accuracy, robustness, and completeness, especially in challenging environments with texture-
less surfaces, dynamic lighting, or large-scale scenes. The following sections explore commonly used
modalities and their contributions to improving 3D scene reconstruction.

2.1.2.1 3D Data / Depth Capturing

Depth Maps. One form of acquiring depth information is via active depth sensing. This can be
captured via structured light [Scharstein and Szeliski 2003; Zanuttigh et al. 2016], whereby a known
pattern is cast onto the scene and the resulting projection is interpreted for depth information. This
technique is famously used in Microsoft’s Kinect. Data from these sensors, however, is often low-
resolution and can be noisy [Zollhofer et al. 2018].

Light Detection and Ranging. Another form of active sensing is LIDAR [Li and Ibanez-Guzman
2020; McManamon 2019; Wandinger 2005]. Thereby, laser beams are cast into the scene and the time
the reflected return signal took is measured and converted to distance. This measuring capability yields
accurate results for many scenes; however, artifacts are still present when sensing. Some materials do
not reflect infrared wavelengths; therefore, no return signal can be measured. Also, thin geometry,
such as fences, combined with sensing from a distance can result in laser beams being split; thus part
of the signal is returned from the front geometry and part of the background, a process called mixed
pixels” [Tang et al. 2007]. This causes the interpreted distance to be placed in the middle, resulting in
outliers or requiring further heuristics, which can cause false positive removal.

To maintain LiDAR data reliability, processing typically involves discarding inaccurate readings to re-
tain only high-confidence data points. Outlier removal methods, such as filtering mixed pixels and
weak returns, usually make use of local neighborhood analysis [Tang et al. 2007], but are often specific
to vendors and proprietary.

10
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Further Modalities. Recently, further modalities have been considered in the capture process for
NVS pipelines. Thermal imaging [Hassan et al. 2025; Lin et al. 2024b; Ozer et al. 2025] measures ther-
mal radiation, which is not affected by view-dependent changes, which is advantageous when other
modalities show varying signals. Radio Detection and Ranging (radar), which is unaffected by lighting
and penetrates small occlusions such as fabric or dust, emits radio waves reflecting off objects. These
reflections, captured by receiving antennas, help determine the location and velocities of the objects.
Recent interest has grown in combining radar data with depth maps or LiDAR [Dombhof et al. 2019;
Wirth et al. 2024] to enhance NVS efficiently.

Discussion. While additional capture modalities enhance the quality of the 3D proxy in many sce-
narios, none provides perfect 3D reconstructions in all use cases. Artifacts and inaccuracies remain,
particularly in challenging environments, dynamic scenes, or complex material interactions. Therefore,
the methods presented in this thesis aim to rectify erroneous geometry after capturing, improving the
consistency of the scene and the quality of the rendering.

Throughout the rest of this work, we will be examining datasets acquired through RGB data, depth map
streams, and LiDAR. However, we also recognize the potential benefits of integrating other modalities,
which could be a fruitful area for further investigation.

2.1.2.2 Active Pose Capturing and Calibration

Independent of the method for 3D data capture, additional modalities can be considered for precise
pose and intrinsics. For pose capturing, while Simultaneous Localization and Mapping (SLAM) offers a
passive visual approach, active pose capture uses dedicated sensors such as Inertial Measurement Units
(IMUs) to track movement and orientation. These techniques provide complementary data, allowing
for continuous real-time pose estimation. Furthermore, cameras can be calibrated before capturing to
skip estimating the intrinsics of videos.

Simultaneous Localization and Mapping. SLAM is typically used for real-time mapping by a
moving device (the agent), with the goal of computing poses and tracking sparse feature points in
the environment [Bailey and Durrant-Whyte 2006]. Similarly to SfM, SLAM begins by detecting land-
marks or features from captured sensor data and then estimating their relative positions as the agent
moves [Bloesch et al. 2015; Jones and Soatto 2011]. SLAM algorithms continuously update the map and
refine its location estimate using techniques such as pose graph optimization and probabilistic methods
such as the extended Kalman filter [Smith et al. 1990].

A critical component of SLAM is loop closure, which involves recognizing previously visited locations
to correct for drift in both the map and the agent’s position. By aligning new observations with past
data, loop closure improves the overall map accuracy, making it especially important in large or complex
environments.

A special case of SLAM are LiDAR-SLAM methods, which work with the LiDAR data for positioning.
Generally, they provide high global consistency and precision, mainly due to the 360-degree LiDAR
field of view [Hong and Huang 2023].

11
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Figure 2.4: A known checkerboard pattern is displayed to a camera (left). Using specific known feature points,
this can be used to calibrate camera intrinsics (right). Figure source: OpenCV project page [OpenCV 2025].

Inertial Measurement Units. IMUs are active sensors designed to track movement and orientation,
providing pose estimates without relying on visual input. They achieve this by measuring specific
force, angular rate, and, in some cases, magnetic fields [Woodman 2007]. Typically, an IMU combines
an accelerometer to capture linear acceleration and a gyroscope to measure angular velocity. Although
IMUs allow for real-time navigation, they are prone to drift accumulation due to sensor biases, which
can lead to inaccuracies over time, especially in the absence of external reference points. To combat
this, IMU data are often fused with other sensors, such as GPS or cameras, enhancing navigation and
positioning accuracy. This sensor fusion improves overall pose estimation by compensating for drift
and increasing reliability in dynamic environments.

Intrinsics Calibration. Rather than estimating camera intrinsics from image sequences, cameras
can be calibrated prior to capturing, ensuring precise parameters for the reconstruction process. This
typically involves capturing images of a known pattern (see Fig. 2.4), such as a checkerboard, and
analyzing how the pattern is projected in the images to calculate the intrinsic parameters of the cam-
era [Heikkila and Silvén 1997]. Calibration also addresses lens distortions, which, if not corrected, can
lead to significant measurement errors in the reconstructed scene.

However, calibration is not a one-time task. Various factors such as lens wear, temperature changes,
or physical impacts can lead to calibration drift over time. Additionally, in dynamic environments or
applications where the camera is subject to vibrations or mechanical stress, misalignments can occur
that degrade the accuracy of the calibration. As a result, periodic calibration is necessary to maintain
the accuracy of the intrinsic camera parameters [Salvi et al. 2002; Zhang 2000], ensuring consistent
performance throughout the capture process.

Discussion. Active pose tracking can be particularly beneficial in scenarios where feature tracking is
unreliable, such as in low-light conditions, textureless environments, or scenes with repetitive patterns
that challenge traditional visual-based methods. However, these methods are susceptible to drift or
other accumulated inaccuracies, and none provide perfect pose estimates over time. Similarly, with
intrinsics calibration, it is difficult to guarantee the accuracy of intrinsics without rigorous calibrations,
which can be costly. As such, in this thesis, we utilize methods to correct errors related to pose and
intrinsics after the data has been captured.
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2.2 Image-based Rendering

Following 3D reconstruction, either coloring the mesh or using the mesh as a proxy for IBR can be used
for NVS [Shum et al. 2008].

In the area of nearby-view interpolation methods, Vedula et al. [2002] reconstruct dynamic, non-rigid
scenes by computing voxel-based shape models and estimating scene flow to interpolate both spatially
and temporally. Zitnick et al. [2004] extend this to video-based rendering using synchronized multi-
view video streams, leveraging stereo-based depth estimation and matting techniques for artifact-free
synthesis. Although these methods generate seamless intermediate views, they remain limited to in-
terpolation.

However, achieving geometrically correct warping requires accurate proxy geometry, which, as re-
viewed before, is frequently unavailable in real-world datasets. This lack of precision leads to visual
artifacts, particularly around object silhouettes, resulting in ghosting and blurred edges.

For artifact mitigation, several techniques were introduced: Eisemann et al. [2008] introduce a warping
scheme to align projected textures during rendering using optical flow. Similarly, Chaurasia et al. [2011]
use a silhouette-based blending method and Arikan et al. [2014, 2015] use a seam-hiding approach for
textures.

Furthermore, per-view optimization was presented for artifact mitigation. These include superpixel-
based representations [Cayon et al. 2015; Chaurasia et al. 2013], view-specific meshes [Hedman et al.
2016] or uncertainty-aware depth formulations [Penner and Zhang 2017].

Neural Image-based Rendering Methods. With the advancement of deep learning [Tewari et al.
2020, 2022], several methods integrated deep learning in IBR. Building on conventional plane-sweep
volumes, Flynn et al. [2016] introduced using a deep CNN for NVS, which allows for color and depth
estimation. This network architecture essentially works as a learned selector and interpolator. Zhou
et al. [2016] instead use a CNN to predict the warping operation per pixel, which they call "appearance

»

flow”.

Hedman et al. [2018] propose using a versatile network predicting blending weights for small mosaics of
all warped images. Thies et al. [2020] introduce a neural rendering approach that combines image-based
warping with CNN-based blending, by decomposing view-independent and view-dependent effects.
Their approach thus also allows for the estimation of lighting changes.

Riegler and Koltun [2020] present a more general system, which renders a proxy depth map for warping
and, unlike Hedman et al. [2018] processes an arbitrary amount of input images. This idea is extended
by the authors with Stable View Synthesis [Riegler and Koltun 2021], which aggregates encoded view-
dependent image features on the proxy surface and decodes them after rendering.

Furthermore, Thies et al. [2019] presented the concept of neural textures in the context of IBR, where a
high-dimensional appearance texture is optimized jointly with the neural network, allowing it to cap-
ture finer details. This approach necessitates scene-specific optimization of both the rendering network
and the neural texture, in addition to an inverse rendering process. The method produces impressive
results and serves as a foundational technique used in this thesis.
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Beyond Triangle Meshes & Including Inverse Rendering. Previous works in IBR often rely on
meshed representations of the proxy geometry. While this approach is directly supported by hard-
ware through rasterization pipelines, it presents challenges due to its fully structured nature, making
reconstruction and error mitigation more complex.

A step away from triangle meshes are Multiplane Images (MPIs). They are a layered 3D scene represen-
tation, consisting of multiple fronto-parallel planes at varying depths, each containing RGB and alpha
information, allowing for efficient rendering of new perspectives by compositing these layers. For in-
stance, Zhou et al. [2018] introduced the use of MPIs for view extrapolation from narrow-baseline stereo
images, enabling the generation of novel views that extend beyond the original viewpoints. Building
upon this, Tucker and Snavely [2020] developed a method to predict MPIs from a single image input,
facilitating view synthesis without requiring multiple views. Further advancements include Han et al.
[2022], who proposed an adaptive MPI framework to handle complex 3D geometry in diverse scenes,
improving the quality of synthesized views. With Local Light Field Fusion, Mildenhall et al. [2019]
expanded this concept by expanding views small light fields via MPIs and blending adjacent local light
fields. However, in general, MPIs have limited ranges where NVS can be displayed, restricting free
exploration [Srinivasan et al. 2019].

Regardless of the representation, there is a need for automatic refinement of the scene parameters based
on varying capturing conditions. This refinement can be achieved by integrating inverse rendering
techniques into the reconstruction pipeline. Inverse rendering is a long-standing field of computer
vision that seeks to recover physical scene properties such as geometry, lighting, and material attributes
from 2D images [Goldman et al. 2009; Hernandez et al. 2008; Nam et al. 2018; Xia et al. 2016].

Recent advances in GPU hardware and deep learning have significantly advanced this field, particularly
through differentiable rendering techniques. Differentiable rendering aims to enable scene parame-
ters to be optimized using gradient descent-based methods. However, traditional triangle rasterization
struggles with analytically correct spatial derivatives due to discontinuities at triangle edges and depth
testing [Kato et al. 2020; Loper and Black 2014]. To address these challenges, various methods have
been proposed: Genova et al. [2018] and Kato and Harada [2019] introduce gradient approximation
techniques, while Rhodin et al. [2015], Chen et al. [2019] and Liu et al. [2019a] employ soft rendering
methods, such as alpha blending along object edges, to mitigate these issues. In point-based inverse
rendering systems, Wiles et al. [2020] employ softened disk rendering using a Euclidean distance fall-
off, while Lassner and Zollhofer [2021] propose differentiable sphere rendering to allow for gradient
computations. Differentiable rendering is valuable for our purposes as it allows for the improvement
of input parameters, in our case, the scene parameters.

2.3 Volumetric and Neural Radiance Field Representations

Automatic scene refinement for IBR requires a differentiable rendering formulation, for which volume
rendering is a clear choice, as it is inherently differentiable [Kato et al. 2020] In traditional ray-marched
volume rendering, the scene is represented as a density field, and rendering is done with alpha com-
positing [Porter and Duff 1984]. Specifically, the color C is computed with ray marching N samples:

N i—1
C= Z; Ti(1 - exp(-0i8;))c;  with  T; = exp (— Zl aj5~) , (2.1)
i= j=

where samples of density o, transmittance T, and color c are taken along the ray with intervals §;.
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Figure 2.5: The original Neural Radiance Fields pipeline. (a) During per-pixel ray marching, 5D coordinates with
location and viewing direction are sampled. (b) An MLP transforms the (x,y, z, 0, ¢) coordinates to (R, G, B, 0).
(c) The samples are composited with volume rendering. (d) The weights of the MLP Fy are updated using the
gradients from the L, loss of the rendered pixel compared with the ground truth. The figure is taken from
Mildenhall et al. [2020]. Reprinted with permission from Springer Nature Customer Service Centre GmbH:
Springer Nature, ECCV, ©2020
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For IBR, Wang et al. [2021] use this rendering paradigm and introduce an IBR network architecture,
which first encodes source images and then predicts colors and densities for each view ray of the target
image. They then resolve this via volume rendering, however, without full scene parameter optimiza-
tion.

Volume rendering can streamline volumetric systems [Henzler et al. 2019; Lombardi et al. 2019; Tulsiani
et al. 2017] and voxel grids [Nguyen-Phuoc et al. 2018; Sitzmann et al. 2019; Zhu et al. 2018], and
predict signed distance fields for 3D objects [Jiang et al. 2020]. It enables optimizing implicit scene
representations via Signed Distance Functions [Liu et al. 2020; Niemeyer et al. 2020; Park et al. 2019;
Zakharov et al. 2020] or neural scene functions [Liu et al. 2019b; Mescheder et al. 2019; Niemeyer et al.
2020; Sitzmann et al. 2020], without explicit reconstruction.

The seminal paper here is Mildenhall et al. [2020] introducing Neural Radiance Fields (NeRFs), which
represents the entire scene as a Multilayer Perceptron (MLP), which takes the five-dimensional input
of (x,y,2,0,¢) (3D position in space and incident view direction) and outputs (R, G, B, ¢). Rendering
this model is done with ray marching, that is, evaluating this representation multiple times and then
compositing the resulting densities and colors. A visualization of this can be seen in Fig. 2.5. This formu-
lation allows the entire scene to be encoded implicitly, that is, without explicit geometry. Furthermore,
the representation is optimized via gradient descent, with supervision via the captured ground truth
images. For novel views, arbitrary rays can be defined and sampled. Importantly, to represent fine
details, which are normally smoothed by the MLP, positional encodings proved very valuable [Tancik
et al. 2020].

The flexibility and quality of NeRF sparked a revolution in implicit scene representations, which are
also often called "Neural Fields”. Many subsequent works have improved various aspects; however, in
the following, we will only discuss a subset of these works.

Initially restricted to bounded scenes, NeRF++ [Zhang et al. 2020] extended NeRF to unbounded scenes,
a concept furthered with MipNeRF360 [Barron et al. 2022] using a space contraction towards the scene’s
center. This allows the MLP capacity to extend further than a predefined [—1, 1] range.

Further improvements regard input view analysis and distributions [Chibane et al. 2021; Kopanas and
Drettakis 2023; Wu et al. 2024a; Yu et al. 2021b], scaling [Mi and Xu 2023; Tancik et al. 2022; Turki et al.
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2022], anti-aliasing [Barron et al. 2021] and computation times [Barron et al. 2023; Chen et al. 2021;
Chibane et al. 2021; Miiller et al. 2022; Neff et al. 2021; Tancik et al. 2021]. Effective strategies include
scene space discretization through voxel grids [Fridovich-Keil et al. 2022], octrees [Riickert et al. 2022;
Yu et al. 2021a], tensor decomposition [Chen et al. 2022], and faster model inference through neurally
textured triangle meshes [Chen et al. 2023] or mesh baking [Duckworth et al. 2024; Reiser et al. 2024,
2023; Yariv et al. 2023].

Notably, Miiller et al. [2022] gained significant attention with InstantNGP, which utilizes hash grids
and a highly optimized MLP implementation to achieve faster rendering and training speeds while
preserving many of the qualitative benefits of NeRFs.

Regarding quality, MipNeRF360 [Barron et al. 2022] and ZipNeRF [Barron et al. 2023] achieve the highest
metric qualities, whereby the latter improves on the 48-hour training times per scene of MipNeRF360
to about 2 hours by combining it with InstantNGP hash grid encodings.

Discussion. Even with these improvements, the NeRF methods are severely limited in rendering
performance due to their use of ray marching and multiple evaluations of an implicit structure. They
typically render at 10 fps or less. For our vision, we require real-time rendering; as such, we look at
explicit representations, which allow fast rasterization capabilities with GPU support [Kerbl et al. 2023].

2.4 Point-based Representations

Explicit representations, such as meshes and point clouds, have the benefit of decades of established
rasterization techniques, which accelerate rendering compared to volume rendering. Although triangle
meshes were originally used for IBR, the combination of them with inverse rendering to optimize all
the parameters of the scene proved difficult. This is mainly due to the structure of meshes as well
as discontinuities at the edges of each primitive, making gradient computations for gradient descent
difficult. As such, recent point-based rendering schemes for inverse rendering and NVS gained traction.
In the following, we first look at point rendering techniques historically and afterwards in the context
of NVS.

2.4.1 Point Rendering

Point-based rendering has been a significant focus in computer graphics since the mid-1980s [Levoy and
Whitted 1985], with two primary approaches emerging over time [Kobbelt and Botsch 2004]. The first
approach involves rendering points as oriented discs, commonly referred to as splats or surfels [Zwicker
et al. 2001]. In this method, each point is associated with a disc whose radius is determined based on
the local density of the point cloud. To mitigate visual artifacts between adjacent splats, techniques
such as Gaussian alpha masking are employed, and the discs are composited using a normalizing blend
function [Alexa et al. 2004; Pfister et al. 2000; Zwicker et al. 2001]. This ensures smooth transitions
and a cohesive surface representation. Enhancements in surfel rendering include methods like Auto
Splats [Preiner et al. 2012], which dynamically compute the orientation and size of splats to adapt to
varying point densities and surface intricacies, thereby improving rendering quality and performance.

The second prominent approach in point-based graphics is point sample rendering [Grossman and Dally
1998], where each point is rendered as a single pixel, resulting in a sparse image representation of
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the scene. To address the issue of holes or missing data in the rendered image, various hole-filling
techniques have been developed. Iterative methods [Rosenthal and Linsen 2008] and pyramid-based
approaches [Grossman and Dally 1998; Marroquim et al. 2007; Pintus et al. 2011] reconstruct the final
image as a post-processing step, effectively interpolating missing information to produce a continuous
surface appearance. To mitigate aliasing artifacts in dynamic scenes, blending points with similar depth
values during rendering has been proposed [Botsch et al. 2005; Schiitz et al. 2021], enhancing visual
coherence. Notably, software-based implementations of point sample rendering have demonstrated
superior performance compared to hardware-accelerated methods [Giinther et al. 2013; Schiitz et al.
2022; Schuitz et al. 2021], as software approaches offer greater flexibility and optimization opportunities
tailored to specific rendering tasks.

There exists a third domain, which is raycasting point clouds. Hereby the closest points to a ray are
searched for and then interpreted for color, geometry or other attributes. In the context of neural ren-
dering, Xu et al. [2022b] use ray marching and resolve features of nearby points for NeRF-like rendering.
Ost et al. [2022] aggregate points features with a transformer, and resolves colors with an MLP. Chang
et al. [2023] directly computes ray intersections with the underlying implicit surface, while Zhang et al.
[2023] leverages point cloud positions to effectively interpolate scene geometry and Ma et al. [2024]
rasterize points in a hash table for searching, accelerating the pipeline. These methods however prove
too slow for our use-case, as such we investigate point sample rendering and point splat rendering as
rasterization techniques further.

2.4.2 Point Sample Rendering for Novel View Synthesis

Early NVS point rendering techniques, such as Hornung and Kobbelt [2009] use a MVS approach to
generate colorized point clouds per view and combine them for novel view rendering, but the method
relies on well-calibrated input views and struggles with highly sparse datasets.

Neural Methods. Recently, point sample rendering has shown to provide a good base rendering
technique for later refinement via deep CNNs. Pittaluga et al. [2019] use the SfM point cloud render-
ing, appended with SiFT features as input for a CNN, which fills holes in the sparse rendering and
decodes color information. However, this approach struggles with the sparse input rendering, causing
blurred renderings, suffers from temporal artifacts in motion, and can struggle to resolve correct object
occlusions. Similarly, Meshry et al. [2019] builds on the MVS point clouds and converts point render-
ings, including color, depth, and semantic label, to a more realistic style by augmenting a re-rendering
network with an appearance encoding of a captured image. For their pipeline, see Fig. 2.6. This method,
nevertheless, also depends on having high-quality segmentation masks and substantial point densities.

A significant step in this domain was the introduction of the optimization of the characteristics per
point through Neural Point-based Graphics (NPBG) [Aliev et al. 2020]. In this paradigm, instead of
using per-point colors obtained through projecting images on the point cloud, a higher dimensional
vector, called descriptor or point feature, is used per point (Aliev et al. [2020] uses eight floats per point).
Similarly to Thies et al. [2019], these features are optimized via gradient descent compared to the input
images, allowing a local appearance to be encoded, which is then decoded with CNN. This proved a
powerful way of jointly compressing and decompressing local appearance. Additionally, they employ
a multi-resolution rendering scheme, and feed each layer into the corresponding level of the U-Net-
like [Ronneberger et al. 2015] CNN. This allows the system to resolve occlusion information efficiently,
as lower resolution layers occlude points behind them. The pipeline can be seen in Fig. 2.7.
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Figure 2.6: The Neural Rerendering in the Wild pipeline: A captured real image and corresponding point ren-
derings (including color, depth, and semantic label) are encode with a CNN E to an appearance vector z, with
which novel views can be rendered in a realistic style using the render network R. The figure is taken from
Meshry et al. [2019]. ©IEEE 2019

Raw images

]

points

positions | Py | Py ...

descriptors | d; | dy |...| dy

camera

(Em

[ IONQ-Z + I0Z1I9)Sel

\ Rendering
@_ﬁ network
/  Ground truth

Figure 2.7: The Neural Point-based Graphics pipeline. A point cloud, consisting of points and higher (eight)
dimensional feature vector, called descriptor, are rasterized into a multi-dimensional image pyramid (left). Then
a U-Net (blue) being fed the resolution layers at each corresponding level resolves the image. Both the descriptors
and the U-Net are optimized jointly with gradient decent, using visual loss. The figure is taken from Aliev et al.
[2020]. Reprinted with permission from Springer Nature Customer Service Centre GmbH: Springer Nature,
ECCYV, ©2020

This concept of optimized per-point appearances is also called neural points, which will be improved
upon in this thesis. For related approaches following NPBG, Dai et al. [2020] show that rendering point
clouds into multiple separate layers (similar to MPIs) and optimizing features allow for robust-quality
renderings, however, struggles to achieve the same quality as NPBG. Also, building upon the NPBG
framework, NPBG++ [Rakhimov et al. 2022] predicts view-dependent neural descriptors for each point
in a scene’s point cloud through a single forward pass of the source images, eliminating the need for
per-scene optimization. This approach effectively handles non-Lambertian surfaces through learnable
basis functions queried with viewing directions. However, these methods rely on MVS and a point
cloud and suffer severely from inaccuracies.

ADOP. In ADOP: Approximate Differentiable One-Pixel Point Rendering [Ruckert et al. 2022] we in-
troduce differentiable rendering to this pipeline. This paper was co-authored by the author of this
thesis; however, it is not part of this doctoral thesis. We augment the NPBG pipeline with two impor-
tant features: approximate differentiable positional gradients and physically based differentiable sensor
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Figure 2.8: Gradient approximation with ADOP: Each point is virtually shifted and the intensity change is
recorded as the gradient. The figure is taken from Ruckert et al. [2022].

simulation. Previous approaches [Aliev et al. 2020; Rakhimov et al. 2022] only compute gradients with
regard to per-point descriptors and the network weights; thus, optimization of scene parameters (pose,
intrinsics, and 3D point positions) is not possible. For this, gradients on the image plane (uv-plane) are
needed, which are non-trivial due to the rounding operation in the transformation from clip space to
discrete pixel space. Here, the approximation involves effectively moving the projected point by one
pixel in every direction and calculating the intensity variation at the target pixels, assuming the depth
value at the target pixel is known. This can be seen in Fig. 2.8. The approximation proves effective for
pose and intrinsic optimization, as errors are averaged out over millions of points; however, optimizing
point positions showed limited results. The second important part of the pipeline is a differentiable
tone-mapping module, which is effective in combating differing exposure levels in images. It also ef-
fectively forces feature descriptors to be stored in HDR space. Put together, the pipeline can be seen in
Fig. 2.9.

Discussion. While ADOP [Riickert et al. 2022] introduces a fast and versatile NVS pipeline, it falls
short of our goals. Firstly, it produces significant aliasing, as points are one-pixel rasterized. Thus small
movements cause pixels to jump pixels, causing flickering which is extended by the use of a CNN.
Furthermore, while the rasterizer is extremely fast, taking a few milliseconds for millions of points,
the CNN heavily impacts performance, especially at larger desired resolutions. Lastly, as gradients are
approximate, not all errors in the scene parameters can be fixed with differentiable rendering, impacting
quality if, e.g., point clouds are erroneous.

For VR, this means heavily restricting rendering resolution and requiring great capturing of scenes,
which might require expansive re-scanning or even manual intervention by a 3D artist.
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Figure 2.9: The ADOP pipeline: Similar to NPBG, points are rasterized into multilayered feature maps (l.) and
resolved by a U-Net (I.). Following is a tone-mapping module (lIl.), which accounts for exposure difference in

captured images. Furthermore, the rasterizer uses approximate spatial gradients, allowing optimization of scene
parameters. The figure is taken from Rickert et al. [2022].
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2.4.3 Splat Rendering for Novel View Synthesis

As mentioned above, another application of points is in splatted rendering. This approach includes two
distinct paradigms: opaque splats and transparent splats.

Opaque splats are rendered as flat discs, often colored or textured, oriented perpendicular to the surface
normal, capturing the local surface geometry and appearance. Ellipsoidal surfels extend this concept
by modeling each surfel as an ellipsoid, using anisotropic scaling and allowing for better representation
of surface curvature and detail [Alexa et al. 2004].

Transparent splats extend traditional surfel rendering by incorporating blending, allowing for the rep-
resentation of semi-transparent materials and smooth transitions between splats. Instead of render-
ing opaque discs or ellipsoids, transparent splats use weighted blending or ordered blending func-
tions to accumulate color and transparency information, often leveraging Gaussian blending or order-
independent transparency techniques [Alexa et al. 2004].

Differentiable and Neural Splat Rendering. This representation is very flexible and can be en-
hanced with deep learning and neural rendering. Bui et al. [2018] employ deep neural networks to
improve colored surfel rendering, which also efficiently fills holes in between ellipsoid opaque sur-
fels. Similarly, Yang et al. [2020a] use a Generative Adversarial Network (GAN) in the surfel rendering,
which is used to create realistic data for autonomous driving.

In the domain of differentiable rendering, Yifan et al. [2019] introduce using Gaussian surfels. Using
Elliptical Weighted Average splatting [Heckbert 1989; Zwicker et al. 2001], they are able to propagate
gradients across the scene for effective shape optimization.

For NVS, Kopanas et al. [2021] extend this approach for bi-directional warping, which they use for the
optimization of per-view features for each captured image. As input, they employ an MVS cloud, and
use an IBR approach whereby all scene parameters are optimized based on gradient descent. Further-
more, they introduce using sorted alpha blending, which avoids introducing discontinuities at splat
edges. Additionally, they exploit a CNN for neural rendering of the target view.

Expanding on this, Kopanas et al. [2022] introduce an approach primarily for catacaustic rendering.
They model reflections as a reflection point cloud, using the surfel formulation and use a neural field
for warping these points to represent the reflections. Compared to their previous work, they optimize a
global point cloud with high-dimensional features (similar to Thies et al. [2019] and Aliev et al. [2020])),
as well as splat sizes and opacities. Furthermore, they employ an MLP for feature decoding, which
increases the temporal stability for them.

Zhang et al. [2022] introduce a similar approach using 2D Gaussian discs on sparse point clouds and
optimizing the scene representation with images and with videos. They, however, focus on object-
centric scenes without backgrounds.

3D Gaussian Splatting. The seminal paper in this domain is 3D Gaussian Splatting for Real-Time
Radiance Field Rendering [Kerbl et al. 2023], often shortened to 3D Gaussian Splatting (3DGS), which in-
troduces anisotropic 3D Gaussians for efficient NVS. The method initializes a sparse set of 3D Gaussians
from SfM reconstructions, each parameterized by position, covariance matrix, opacity, and directional
color information in the form of spherical harmonics. Through an interleaved optimization process,
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Figure 2.10: The 3D Gaussian splatting pipeline: A sparse SfM point cloud is initialized to anisotropic 3D Gaus-
sians. Differentiable rendering of them optimized the geometry and appearance, while and adaptive density
control module uses positional gradient heuristics to add additional primitives. The figure is taken from Kerbl
et al. [2023]. Reprinted with permission from ACM, TOG, ©2023

these 3D Gaussians undergo adaptive density control and pruning based on positional gradient heuris-
tics, allowing the scene representation to adapt during training while maintaining geometric accuracy.
Unlike NeRF-based approaches or previous neural point renderings, this explicit representation allows
direct, real-time rendering at high resolutions without requiring neural network inference per pixel.
This is helped by their use of a tiled renderer with approximate, per-primitive sorting, which allows
tremendous rendering speeds. Their pipeline is visualized in Fig. 2.10.

The efficiency and explicit nature of this representation sparked a new field, summarized in surveys by
Chen and Wang [2024], Dalal et al. [2024], Fei et al. [2024] and Wu et al. [2024D].

Several works have proposed algorithmic extensions, such as Yu et al. [2024] introducing Mip-splatting
for anti-aliasing, Huang et al. [2024b] developing 2D Gaussian Splatting for improved geometric (mesh)
reconstructions, and Kheradmand et al. [2024] refining the adaptive density module with a space-
exploration and sampling scheme. Radl et al. [2024] addressed the approximate sorting of Gaussians
with per-pixel sorting and Mallick et al. [2024] enhanced performance, lowered memory requirements,
and increased quality.

Large-scale variants have also been explored, with Ren et al. [2025] introducing Octree-GS for hier-
archical LoD rendering and Kerbl et al. [2024] optimizing scalability for large-scale scenes through
divide-and-conquer. In robotics, Meyer et al. [2024] leveraged 3DGS for dataset generation by merging
environment and object scans, simulating realistic placements with a physics engine. Dynamic content
has been another focus, with Luiten et al. [2024] integrating temporal coherence for moving objects,
Yang et al. [2024] introducing deformable Gaussians with a deformation field, and Huang et al. [2024a]
exploring user-controlled motion editing.

Discussion 3DGS-based methods prove very effective and efficient for rendering NVS. However,
directly employing 3DGS for our use case is not possible. Firstly, apart from Gaussian position opti-
mization, other scene parameter errors are not optimized for. Furthermore, primitive reconstruction
via gradient heuristics can miss details. Lastly, performance and quality for 3DGS heavily relies on the
number of primitives used, as seen in Fig. 2.11.
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Figure 2.11: Primitive scaling graph for 3DGS. With the driver recommended settings for the HTC Vive Pro [HTC
2019], the number of Gaussians need to be kept low, impacting quality (GARDEN scene, half res. dataset [Barron
et al. 2022]).

2.5 Outlook for this Thesis

NVS has evolved from traditional IBR techniques to more advanced methods that take advantage of
3D scene representation optimization and neural networks. Techniques like NeRF have revolutionized
the field by enabling novel high-quality views through differentiable rendering and implicit represen-
tations.

Alternatively, point-based rendering methods, such as 3DGS and ADOP, offer a flexible and efficient
rendering alternative. However, artifacts are still present in reconstructions, mainly due to inaccuracies
in intermediate scene parameter estimations, directly impacting the quality of NVS.

To address these challenges, this thesis introduces methods for high-fidelity VR-ready NVS by effi-
ciently refining scene parameters and correcting geometric reconstruction inaccuracies. Building on
point-based representations, we further enhance scalability, optimize rendering for VRhardware, and
enable instant virtual teleportation through advanced hierarchical structuring and adaptive scene op-
timization. The contributions of this thesis and improvements to the neural point rendering pipeline
can be found in Chapter 1 and Fig. 1.1.
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CHAPTER 3

VET: Visual Error Tomography for Point Cloud
Completion and High-Quality Neural Rendering

This chapter is based on the publication Franke et al. [2023]. The author of this thesis contributed the
algorithmic idea and its implementation. In addition, he evaluated the proposed method and wrote
the original draft of the paper. Darius Riickert contributed implementation and methodology advice,
while Laura Fink contributed dataset resources. Matthias Innmann contributed methodology advice
and helped with the supplemental videos. Marc Stamminger supervised, administered, and helped
conceptualize the project as well as provided critical feedback in all stages. All co-authors contributed
review and editing during writing.

3.1 Introduction

Neural point-based methods, e.g. ADOP [Riickert et al. 2022], build on point proxies, that is, point
clouds originating from MVS or LiDAR scans. To achieve high render quality, a high-quality proxy is
required. Different capture methods may fail in various situations, as previously noted, making avail-
ability inconsistent. MVS depth estimation cannot reliably estimate featureless, reflective, or trans-
parent surfaces, and often misses small, fine structures. Active scanners, such as LiDAR, can handle
textureless surfaces but produce artifacts on dark and glossy surfaces and generally exhibit lower res-
olution. As a result, the proxy geometry is often incomplete or contains outliers.

In this chapter, we propose a method to rectify these issues using a pair of cleaning and spawning steps.
The key to our approach is a differentiable point renderer that considers and optimizes point trans-
parencies. Points that receive high transparency are considered outliers and can be removed without
impacting quality. This cleaning operation enables us to improve the proxy point cloud twofold: first,
outliers from the original proxy, as they appear for instance in reflective regions or at object edges,
can be removed to clean up the proxy and improve render performance. Second, it opens the door for
an effective spawning operation: We can tentatively add points in likely undersampled regions and let
the cleaning step discard points that do not contribute to better renderings. Thus, the surviving added
points improve the proxy, with the quality of this point completion being dependent on the accuracy

InstantNGP (1.57 fps) - Mip-NeRF360 (0.07 fps)

Figure 3.1: The initial point cloud of the CHERRY TREE lacks completeness, with branches and leaves missing.
Neural point-based rendering exhibits severe artifacts in these regions (left). By applying VET and spawning
new points, we can complete the point cloud efficiently. This appearance-driven geometric completion improves
quality of the neural rendering significantly (middle) thus outperforming state of the art methods (right).
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of the prediction for undersampled regions. To identify these critical regions in 3D space, we introduce
a method that we call Visual Error Tomography (VET). Based on the output of the neural renderer and
the corresponding input images, we generate error images and project these back to 3D space using
computed tomography. With this step, we can reliably identify 3D regions, where the original 3D re-
construction generated too few points, or no points at all, like at glossy surfaces or thin structures. As
we show in our results, this step is much more effective than point-growing approaches [Furukawa
et al. 2010; Schonberger et al. 2016], which tend to generate many unnecessary points, require many
iterations to fill holes, and fail for thin structures. We also show that by spawning (and cleaning) points
in a few layers of nested environment maps, it is possible to faithfully re-render the environment, which
improves rendering quality considerably.

The teaser image (Fig. 3.1) shows the point cloud for a tree obtained from MVS reconstruction along
with the rendered result on the left. In the center, we present the enhanced point cloud, which notably
enhances the rendering quality in comparison to other methods that fail to reconstruct the fine-grain
structure of the leafs faithfully. In summary, this chapter contributes.

« A fast differentiable neural point-based rasterizer, capable of efficiently handling and optimizing
point transparency.

+ The concept of Visual Error Tomography, a novel technique enabling reliable identification of
erroneous 3D regions.

+ A pipeline incorporating iterative steps of point spawning and cleaning, resulting in the genera-
tion of clean and complete proxies, ultimately leading to a significant improvement in rendering
quality.

o The faithful visual reconstruction of the environment using nested point-based environment
maps.

« An evaluation of these methods, showing improved render quality particularly in difficult regions.
An open source implementation of the method is located at:
https://github.com/1franke/VET
The project page, including video comparisons, can be found at:

https://1franke.github.io/vet

3.2 Related Work

For the purpose of synthesis of high-quality novel views, the method based on NeRF, as exemplified
by Nerf++ [Zhang et al. 2020], MipNeRF-360 [Barron et al. 2022], and InstantNGP [Miiller et al. 2022],
demonstrate promising results without the need for a proxy point cloud. Stable View Synthesis [Riegler
and Koltun 2021], using a triangle-based proxy excels through strong neural filtering and pre-training
and will be compared against. In the context of point-based graphics, the most relevant prior work in
this context is ADOP [Riickert et al. 2022], upon which we extend by using a blending approach. A dis-
advantage of most of these approaches is that they do not have a reliable way to automatically remove
and spawn new points. This hinders rendering quality and leads to artifacts if the initial point cloud
is erroneous. To overcome this problem, Xu et al. [2022b] have introduced a point growing strategy
to insert new points close to existing ones. Their approach demonstrates improved rendering quality
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3.3 Overview

on real datasets. Similarly, Kerbl et al. [2023] split large 3D Gaussians in their pipeline to introduce
new points. However, their point-growing strategies may not effectively handle regions where few
existing points are available for reference, as well as issues with growth criteria selections [Poux et al.
2022] can be present. To this end, Zuo and Deng [2023] propose an improved spawning technique,
which identifies pixels with a large rendering error and randomly spawns new points along the ray
passing these pixels. While this approach allows for the reconstruction of missing objects, it is worth
mentioning that only a limited number of points are placed on the object’s surface. As a consequence,
the reconstruction process can require thousands of iterations to complete and is prone to overfitting
if points are spawned too close to the cameras.

The core of our method is visual error tomography (VET), which is based on computed tomography
(CT). CT reconstructs 3D volumetric densities from a series of volumetric projections obtained by x-
ray imaging [Buzug 2008]. In our pipeline, we use Neural Adaptive Tomography (NeAT) [Riickert et al.
2022] for CT reconstruction because this approach can generate sharp, detailed reconstructions and is
able to model a non-linear intensity response of ray integrals, which is required for our non-physical
reconstruction task.

3.3 Overview

Fig. 3.2 provides an overview of the pipeline. We start with a set of photographs, their corresponding
poses, and an initial point cloud that represents the scene. Each point in the cloud is assigned a four-
dimensional feature vector and an alpha value that indicates opacity. A differentiable point rasterizer
renders the point cloud to feature images in multiple resolutions, which are then passed through a
neural rendering U-Net to generate the final renderings [Aliev et al. 2020]. The rendering loss is used
to update point features and opacities via backpropagation. Depending on the initial quality of the
reconstruction, optimization is performed on the position of the points and the poses of the camera at
this stage [Kopanas et al. 2022; Riickert et al. 2022]. Points with low opacity are identified as outliers
and automatically removed during optimization. Further details on the differentiable renderer and the
cleaning procedure are provided in Sect. 3.4. The remaining image errors indicate missing geometry
in the proxy. To identify these undersampled regions, we apply our novel VET and spawn additional
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Figure 3.2: Overview of our neural rendering pipeline with visual error tomography. Point descriptors, positions
and opacities are optimized via backpropagation, which automatically removes outliers during training. After
initial convergence, our VET is used to predict missing 3D points from the error images. Following, the optimiza-
tion is resumed until the next convergence. This process is repeated 1-3 times depending on scene complexity.
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points in the critical regions found. In Sec. 3.5, we provide details about VET and point spawning.
The entire process is repeated 1 to 3 times until convergence, depending on scene complexity. As a
result, we obtain a high-quality point cloud of the scene, which can be rendered by a real-time neural
rendering system in photorealistic quality.

3.4 Point Cloud Optimization and Cleaning

As an initial point cloud, we use the result generated by state-of-the-art 3D reconstruction pipelines
such as COLMARP [Schonberger et al. 2016]. In our examples, we use the densified point cloud, but
as we show in the evaluation, starting with the sparse point cloud (similar to Kerbl et al. [2023]) and
relying on our pipeline to fill in missing points still produces reasonable results.

To better represent the environment, previous methods usually use environment maps [Riickert et al.
2022; Zhang et al. 2020], recently in the form of multi-sphere images [Fridovich-Keil et al. 2022]. In
the same spirit, we spawn points on four layers of nested spherical environment maps using spherical
Fibonacci sampling [Fink et al. 2019; Keinert et al. 2015] of 0.5M points. These points are optimized and
cleaned identically to the original scene points. In particular, with the opacity bias for unseen points
(Sec. 3.4.3) this results in sparse and efficient environment maps and high-quality reconstructions of
the surrounding.

3.4.1 Differentiable Point Rasterizer with Blending

Our differentiable point-based rasterization approach is based on the work of Riickert et al. [2022]. For
detailed information on the forward and backward pass, we refer to the original paper. Our contribution
to this pipeline is the use of front-to-back alpha blending instead of the fuzzy depth test. To that end,
we first render the points to per-pixel linked lists, sort these lists by each point’s depth, and finally
blend the colors front-to-back by the respective alpha value. The final color ¢, , with alpha blending is

defined as
[A|

Cup = Z T O - Cm (3.1)
m=1

where A is the sorted per-pixel linked list, a;, the alpha value, and c,, the respective color of point m.
The transmission variable T, describes how much light passes through all previous points in the list
and therefore ensures that the points at the end of the list only have a small contribution to the final
color: T, = [T, (1 - a;). Since Eq. (3.1) is differentiable, we can integrate this blending approach into
the rasterization pipeline of Riickert et al. [2022] to optimize the alpha value of each point. For better
optimization, alpha is stored in the range (—co, o) and only converted to [0, 1] during the blend using
the sigmoid function.

The rendering is performed four times with progressively lower resolutions, and these are fed into a
multi-scalar U-Net with gated convolutions followed by a neural camera sensor module, as described
by Aliev et al. [2020] and Riickert et al. [2022]. Multipixel rendering is efficiently implemented with
a custom CUDA per pixel count and collection pass [Selgrad et al. 2015] followed by fast GPU bitonic
sorting [Batcher 1968; Franke et al. 2018]. For the backwards pass, only the sorted per-pixel lists have
to be stored.
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3.4.2 Point Cleaning

The previous optimization adapts the opacity of each point. It is reasonable to assume that the outlier
points will receive low or zero opacity. We thus determine outliers by introducing a threshold on the
alpha value. We found that during optimization, a threshold of 0.3 works well in all tested scenes
and eliminates most outliers, while leaving room for variance during training. For faster training, we
remove points below this threshold every 50 epochs.

While previous neural point rendering approaches show some capability for disregarding outliers,
mainly through strong masking abilities of gated convolutions, using this explicit optimization of a
point confidence proves very powerful in removing outliers, which are either part of the initial recon-
struction, environment spheres, or have been added by our spawning step.

3.4.3 Point Opacity Bias

In our point cloud optimization process, we add € = 1077 to the opacity gradient of each point. This
introduces a small bias to the opacity and encourages the system to remove all dispensable points, as
unused points will be pushed towards a small opacity value. These points are often environment map
points, far away outliers, or inside structures. This bias proves very powerful in reducing point cloud
size without impacting rendering quality.

3.4.4 Transition to Opaque Point Rendering

Compared to direct rendering of one-pixel points with depth testing [Schiitz et al. 2022], the alpha-based
point blending required for outlier removal is slower to evaluate. Therefore, if real-time exploration of
the scene is desired, we can smoothly transition our system from alpha blending to opaque depth testing
during the optimization stage. To this end, we adjust the sigmoid function, which encodes the raw alpha
values tay, to become steeper over time:

a = sigmoid ((10 + f - t) - Araw) (3.2)

where f is a user-defined parameter and ¢ the current optimization step. After the last iteration, the
adjusted sigmoid is almost identical to the step function, with each point having a binary opacity.
For the final rendering, we then use only the opaque points without alpha blending, achieving high-
performance real-time rendering of point clouds with 100 million points.

3.5 Point Spawning

The core of our point spawning step is visual error tomography (VET, Sec. 3.5.1), which allows us to
identify incomplete regions of the scene (see Fig. 3.3), where points then are spawned (Sec. 3.5.2). We
apply spawning multiple times when the neural rendering has converged sufficiently, usually every 200
epochs.
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Figure 3.3: Visual Error Tomography: starting from error images (left), we apply computed tomography to
reconstruct a 3D error volume grid (center). Within each voxels, random points are spawned, where the number
of spawned points depends on the voxel’s error value (right).

3.5.1 Visual Error Tomography

The idea of VET is to compute the per-pixel rendering loss of each input image and process these images
with a CT reconstruction module. The CT system creates a volumetric model that captures how much
each point in space contributes to the visual error. If the CT output for a given 3D point is small, most
of the views must have a small visual error at its projected pixel. If the CT output is large, the visual
error in the projected pixel coordinates must also be large for multiple views.

Visual errors in neural point rendering often stem from missing points, local minima in descriptor op-
timization, or strong view dependency. For all three, spawning primitives at that location is a way
to improve results. For the first two cases, additional points fill the incomplete geometry or cause
the descriptor optimization to take additional training impulses. For strong view dependency, adding
points allows the blended descriptors to create a multi-layer surface representation that can approx-
imate view-dependent effects. Although tackling this is not the explicit contribution of our pipeline
(unlike e.g. Kopanas et al. [2022]), it does not hinder our VET’s purpose.

To compute the error volume, we use the state-of-the-art CT reconstruction approach, Neural Adaptive
Tomography (NeAT) [Riickert et al. 2022]. The major advantage of NeAT is its ability to model the
nonlinear intensity response of ray integrals, which is an essential property for our case because visual
error maps inherently do not follow Beer-Lambert’s law of photon attenuation. Furthermore, the neural
regularizer of NeAT prefers high-density regions with sharp edges instead of large smooth areas. This
has provided better results for our method and produces sharp and clean error volumes, shown, for
example, in Fig. 3.3.

For the input images, we smooth the error images I with
I'(x,y) = clamp(I(x,y) = (1+1) = 1,0,1) (3.3)

to focus on high-error regions and ignore small noise. We use I = 0.3 for our error images.

We observe that VET works well over the whole scene, including inside-out capturing scheme and
backgrounds, but we limit the volume extent to keep memory costs low, as otherwise we would need
to increase the output grid size (see next section). For this bounding box, we use 95% of the inner points
of the initial point cloud, as COLMAP or LiDAR commonly have extreme outliers, which are filtered
out with this threshold.
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3.5.2 Error Volume Point Spawning

The output of VET is a 512° voxel grid containing estimated error values. After normalizing this grid
to the range [0, 1], we spawn n(,,, ;) = | €i(X, ¥y, 2) - Pmax] new points, where e; is the normalized error
value and ppax the maximum number per voxel. We use ppax = 10, which typically leads to 10k - 2000k
newly inserted points per VET step, but this is highly dependent on the error volume. The positions of
the n added points are randomly distributed in the cell. It is important to note that adding too many
or inaccurately placed points is not an issue due to the robust outlier removal strategy described in the
previous chapter.

Theoretically, this process converges, and progressively fewer points are spawned each time, as less and
less visual error is represented in the volume. In practice, we spawn points 1-3 times during training,
after which no further improvement can be observed. Usually, our spawning and cleaning steps result
in point clouds with a similar number of points as the initial reconstruction, and thus have no significant
impact on memory consumption and render times.

3.6 Evaluation

3.6.1 Datasets

We have tested our approach on multiple scenes from different datasets: The Mip-NeRF 360
dataset [Barron et al. 2022] has dense point clouds of 5M to 10M points and image resolutions of around
2500 X 1600 (half the original capture). In the Tanks&Temples dataset [Knapitsch et al. 2017] images
were captured with a high-quality RGB camera in full HD and point clouds of 5M to 12M points. The
Sydney OPERA House scene from Lu et al. [2023] has 2.4M points and an image resolution of 1280 X 676.
The CHERRY TREE was captured by us with a point cloud of 2M points and images of 1500 1000. All ini-
tial reconstructions were performed using the COLMAP MVS pipeline [Schénberger and Frahm 2016].
Additionally, the Redwood [Choi et al. 2016] dataset is used, which is captured with an RGB-D cam-
era, with small image and point cloud resolutions. For all experiments and methods, unless otherwise
noted, 5% of the images (every 20th) were left out of the training and used for evaluation.

3.6.2 Comparison to Related Work

To evaluate the neural rendering performance of our pipeline, we have measured the inference qual-
ity on several scenes. We compare against state-of-the-art approaches: Three NeRF-based with In-
stantNGP [Miiller et al. 2022] (with their larger configuration), Mip-NeRF 360 [Barron et al. 2022] and
Nerf++ [Zhang et al. 2020], a triangle-based approach in Stable View Synthesis [Riegler and Koltun
2021] and a point-based approach with ADOP [Riickert et al. 2022]. Fig. 3.4 shows a visual comparison
on the Tanks&Temples dataset, with the quantitative evaluation presented in Tab. 3.1.

In all scenes, our method outperforms the compared approaches due to our VET-based point-cloud
completion. Especially noteworthy is our approach’s ability to reconstruct fine detail as well as overall
sharpness. In Fig. 3.5, we show four scenes from the Mip-NeRF 360 dataset, observing the same charac-
teristics. Here, however, our PSNR scores tend to be lower than Mip-NeRF 360 because slight errors in
calibrations and color shifts by the CNN impact this metric proportionally higher while not impacting
perceived visual quality [Zuo and Deng 2023]. However, our rendering times are significantly faster
than theirs, as seen in Tab. 3.2 (inference measured on an RTX4090, training on an A100). Each VET
reconstruction takes about 15 minutes and is included in our training time.
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InstantNGP Mip-NeRF 360 ADOP Ours Ground Truth

Figure 3.4: Comparison to related work on the Tanks&Temples dataset. Our method is able to reconstruct fine
details, remove outliers as well as improving overall sharpness.

Table 3.1: Results on the Tanks&Temples dataset. See also Fig. 3.4 for a visual comparison.

TrAIN PLAYGROUND M60 LIGHTHOUSE
Method LPIPS| PSNRT SSIMT | LPIPS| PSNRT SSIMT | LPIPS| PSNRT SSIMT | LPIPS| PSNRT SSIM?T
NeRF++ 0.434 18.05 0.579 0.441 22.25 0.613 0.360 23.06 0.728 0.386 20.08 0.662
SVS (half res.) 0.267 17.44 0.683 0.291 22.12 0.704 0.197 23.74 0.831 0.264 17.14 0.722
InstantNGP 0.335 20.46 0.644 0.418 18.69 0.518 0.203 24.97 0.797 0.285 22.98 0.728
Mip-NeRF 360 0.355 18.37 0.624 0.271 24.86 0.736 0.189 24.68 0.838 0.235 21.35 0.750
ADOP 0.131 21.44 0.723 0.126 24.85 0.719 0.103 24.91 0.811 0.119 22.27 0.755
Ours \ 0.123 21.67 0.765 0.124 25.49 0.768 0.080 27.34 0.875 0.094 24.19 0.808

3.6.3 Ablation Studies

Evaluation of the Error Metric used in VET The VET module takes visual error maps as input to
compute the error volume. In Tab. 3.3, we show rendering quality with different VET error metrics on
the tree scene (L2 error is processed with [ = 0.01). Overall, using SSIM provides the best results as it
guides more points to be spawned in thin locations.

Narrowing Factor In Sec. 3.4.4, we have introduced a sigmoid narrowing factor to smoothly transi-
tion the alpha renderer to traditional depth testing. Tab. 3.4 shows the experiment with different values
of f, with large values impacting quality, as changes are too abrupt during training. We therefore rec-
ommend f = 0.01.
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Ins\tntNGP Mip-NeRF 360 ___ADOP ~ Ours Ground Truth

Figure 3.5: Comparison on the MipNeRF-360 scenes with the average LPIPS | / PSNRT / SSIMT scores denoted.

Table 3.2: Training and render times.

Method ‘ Training ‘ Render (GARDEN) ‘ Render (PLAYGROUND)
InstantNGP (8 spp) 0.25h 1046 ms 1372 ms
Mip-NeRF 360 36 h 38390 ms 18240 ms
ADOP 8h 30 ms 15 ms
Ours (Blend) 16 h 33 ms 23 ms
Ours (Opaque) 16 h 29 ms 13 ms

Table 3.3: Visual error metrics used for VETon  Table 3.4: Sigmoid narrowing factor f. Transition start after

the CHERRY TREE scene. 400 epochs, result after 600 epochs.
VET-loss | LPIPS | PSNRT f | LPIPS| PSNRT
use L1 0.177 21.57 100 0.200 18.85
use L2 0.187 21.19 107! | 0.197 18.90
use SSIM | 0.162 21.88 1072 | 0.186 19.66
1073 | 0.191 19.44
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Figure 3.6: Loss graph for running VET with different values of the TV regularizer.

TV Regularization in VET The neural CT reconstruction approach uses a total variation (TV) reg-
ularizer to smooth the output volume. We have tested our pipeline with different TV values and found
that with a smaller value, more outlier points are spawned. However, since these points are cleaned
reliably, the difference in the final result is only marginal (see Fig. 3.6). For the remaining experiments
we use tv = 0.001 as it is a good compromise between capturing small details and not spawning too
many outliers.

Point Cleaning To test the robustness of the outlier cleaning strategy, we have ran our pipeline on
the PLAYGROUND scene, with one million additional random points added. As shown in Fig. 3.7 (top) on
the right, the final point cloud contains almost no visible outliers. On the OPERA scene (Fig. 3.7 bottom),
this robustness provides great cleanup in outliers placed over the water surface through COLMAP.

Initial-Point Cloud +‘1M'O'ut|iers

Figure 3.7: Ablation study on point cleaning. (Top) 1M random points have been added to the PLAYGROUND scene
(left) and progressively cleaned (right). On the OPERA scene (bottom), COLMAP has placed points originating
from the water incorrectly on land (left), which our pipeline can fix (right).
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Table 3.5: Point opacity bias (GARDEN, 7.8M Table 3.6: Point cleaning threshold (GARDEN).
points). T Points LPIPS| PSNR?T

Bias | Points LPIPS| PSNRT 010 | 103M  0.176  23.74

107° | 02M 0406 2073 020 | 9.IM 0177  23.69

107 | 43M  0.186  23.60 030 | 73M 0178  23.70

1077 | 7.3M 0178 23.70 050 | 6.6M 0179  23.62

1078 | 8oM 0177  23.71 070 | 53M  0.183  23.67

107% | 89M 0178  23.67 090 | 26M 0200  23.44

10710 | 96M  0.178 23.67 0.99 | 0.IM  0.446 19.08

Point Opacity Bias In Sec. 3.4.3, we introduced the opacity bias for the points. As seen in Tab. 3.5, as
long as the bias is not chosen extremely strong, low rendering loss is maintained while the amount of
points is efficiently lowered. We choose 1077 for our experiments, however we note that 10~° reduces
the point cloud efficiently while still providing sensible, if slightly worse results.

Point Cleaning Confidence Threshold In every cleaning step, points with confidence below the
threshold are removed. As described in Tab. 3.6, thresholds up to 0.9 still provide reasonable results
and reduce point cloud size significantly. However, we use 0.3 for our experiments as it causes point
clouds to be similarly sized as the initial COLMAP reconstruction.

Number of Spawned Points per Voxel As described in Sec. 3.5.2 we spawn up to pmax points per
voxel in the error volume. In Tab. 3.7, the resulting point cloud and the rendering loss is evaluated.
We found that p;,,, = 10 works well in most cases and maintains the total number of points similar to
the initial COLMAP reconstructions. Thus we use this for all experiments. We note however that for
difficult cases where COLMAP fails considerably, a high p;,4, can improve quality significantly (e.g. in
the cherry tree scene, Fig. 3.1).

Table 3.7: Amount of points spawned per voxel.

GARDEN (Init. 7.8M Points) CHERRY TREE (Init. 2M Points)
Pmax | #Points LPIPS| PSNRT | #Points LPIPS| PSNR7T
2 7.0M 0.181 23.60 1.7M 0.295 18.74
5 7.2M 0.180 23.69 1.9M 0.280 19.39
10 7.3M 0.178 23.70 4.0M 0.223 20.41
20 7.8M 0.177 23.71 17.3M 0.182 21.33
30 8.5M 0.177 23.73 31.5M 0.167 21.88

Environment Map As described, we use four layered point-based spheres for our environment map.
Compared with different common environment map strategies (see Tab. 3.8), ours (four point-based
spheres) performs best compared to one point-based sphere or to texture-based environment maps

Table 3.8: Environment map setup on the PLAYGROUND scene.

Method (initially 12.5M Points) ‘ #Points LPIPS| PSNR7T
No Environment Map 10.0M 0.146 25.34
1 Textured Sphere 11.4M 0.176 24.99
4 Layered Textured Spheres 11.3M 0.181 25.00
1 Point-based Sphere (init. 0.5M points) 10.8M 0.151 24.59

4 P.-b. Layered Spheres (init. 2.0M points) 13.3M 0.124 25.49
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with one [Riickert et al. 2022] or four layers [Yu et al. 2021a]. In contrast to textured maps, our method
tends to be less susceptible to overfitting on training view, which in turn improves VET as the error
images are more meaningful.

3.6.4 Point Spawning Accuracy

While our method does not explicitly try to increase geometric accuracy of the input model (but tries
to minimize visual loss for NVS), we evaluate this accuracy on two training scenes of the popular
Tanks&Temples benchmark with their F-score based metric [Knapitsch et al. 2017]. As seen in Fig. 3.8,
the point cloud is improved by almost 10% compared to COLMAP if the initial dense reconstruction is
not cleaned (ours-full), thus only VET-spawned points are potentially removed. Otherwise, with our
normal pipeline, scores are similar as geometrically accurate points are spawned, but initial correctly
placed points might be cleaned if they are not important for visual results of our neural renderer.

MEETINGROOM BArRN
Method Prec.T Rec.T F-score] ‘ Prec.T Rec.T F-score]

COLMAP 0.521 0.247 0.335 0.633 0.553 0.591
Ours 0.507 0.253 0.338 0.631 0.555 0.591
Ours-full 0.512 0.283 0.365 0.624 0.679 0.651

Initial Point Cloud Refined Point Cloud Rendering

Figure 3.8: Geometric accuracy, measured with the F-score metric [Knapitsch et al. 2017]. Our approach as
described (Ours) provides similar results in geometry accuracy as COLMAP, while our approach without cleaning
the initial point cloud (Ours-full) improves scores by about 10%.

3.6.5 Sparse Colmap Reconstruction as Input

We can also skip COLMAP’s dense reconstruction and directly work with the sparse reconstruction
(similar to Gaussian splatting’s pipeline [Kerbl et al. 2023]), thus starting with a point cloud of only
130K points. In this setup, we augment our pipeline with an additional spawning step after 75 epochs,
as this low amount of points reaches convergence sooner. As seen in Fig. 3.9, the resulting point cloud
and neural rendering provide good overall results.
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COLMARP Sparse Point Cloud " “¥ Sparse Point Cloud + VET
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Figure 3.9: COLMAPSs sparse reconstruction in our pipeline. Neural rendering without VET (left) converges to
LPIPS values of 0.596, with VET (right) this improves to 0.341.

3.6.6 Different Spawning Strategies

PointNeRF and SNP In Fig. 3.10, we compare to two other NVS methods using point cloud augmen-
tations on their cropped version of the Tanks&Temples BARN with PointNeRF’s train/eval split.

PointNeRF [Xu et al. 2022b] spawns points via growing and SNP [Zuo and Deng 2023] samples error
map regions in space. However, both fail to reconstruct small details such as the leaves. This is also
reflected in the quantitative measurements in Tab. 3.9, where PSNR and SSIM scores are similar, while
we outperform both in LPIPS scores.

Table 3.9: Comparison with Point-NeRF [Xu et al. 2022b] and SNP [Zuo and Deng 2023] on their Tanks&Temples
dataset.
BarN (Fig. 3.10)

Avg. Tanks&Temples
Method LPIPS| PSNRT SSIM 1

LPIPS| PSNRT SSIM 1
Point-NeRF | 0.120  29.15 0937 | 0080  29.61 0954
SNP 0.109 2980 0915 | 0079 2978  0.942
Ours 0024 2966 0939 | 0026 2954  0.950

Figure 3.10: Point-NeRF [Xu et al. 2022b] and SNP [Zuo and Deng 2023] use different point spawning strategies
with growing and error projection. Both fail to reconstruct fine details.
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VET

Point Growing

4M Points

7M Points

Figure 3.11: Point cloud of the CHERRY TREE enhanced with a point growing strategy (left) and our VET (right).

Point Growing in our Framework This result matches our observations. A point growing strategy
implemented in our pipeline instead of VET has the same difficulties while increasing point cloud sizes
significantly compared to VET, as seen in Fig. 3.11. Furthermore, unprojecting pixel errors and summing
them into voxels (similar to SNP’s strategy) causes point spawns to be scattered over larger regions.
Solving this either requires thresholding which causes details to be missed or requires to use aggressive
point cleaning impacting quality. VET, however, avoids all these problems.

3.6.7 View Dependent Effects

While not explicitly modeled in our approach, our blending renderer can handle view dependencies
relatively well (as seen in Fig. 3.12) by optimizing reflections into multiple point layers. However, it
should be noted that very good angular coverage during training is necessary and explicitly modeled
approaches such as Kopanas et al. [2022] may be preferable in this use case.

Our Rendering Reference

Figure 3.12: Reflecting spheres. Our approach can approximate reflections after point cloud cleaning.
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3.7 Limitations

3.7 Limitations

We have encountered a few limitations, inherited from one-pixel point rendering [Aliev et al. 2020],
which is efficient, but produces artifacts in rare cases. When the camera gets too close to a surface, the
neural rendering network is unable to close the holes between the points, and thus the surface behind
the wall becomes visible. Furthermore, we have observed some temporal instabilities when the camera
is moved through the scene slowly, which is a side effect of the discrete one-pixel point rendering
because points can only discretely move from one pixel to the next.

3.8 Conclusion

To conclude this chapter, we have proposed a point-based neural rendering pipeline that is able to ren-
der photo-realistic novel views and can simultaneously refine and complete the input point cloud. Point
spawning is implemented using our novel VET technique, which uses visual error maps to identify and
populate undersampled regions of the scene. Outlier points are automatically removed by thresholding
their opacity value, which is optimized during the training stage. We have shown in several experi-
ments that our pipeline produces high-quality point clouds and outperforms related neural rendering
approaches in quality.
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CHAPTER 4

TRIPS: Trilinear Point Splatting for Real-Time Radiance
Field Rendering

This chapter is based on the publication Franke et al. [2024]. The author of this thesis contributed the
algorithmic idea and its implementation. In addition, he evaluated the proposed method and wrote the
original draft of the paper. Darius Riickert and Laura Fink contributed implementation and methodol-
ogy advice, while Laura Fink also contributed to the supplemental video. Marc Stamminger supervised,
administered, and helped conceptualize the project as well as provided critical feedback in all stages.
All co-authors contributed review and editing during writing.

4.1 Introduction

The results of the previous chapter show that using neural point with VET, we can efficiently complete
point clouds. Furthermore, blending points with alpha, which changes the rendering formulation to a
formulation very similar to volume rendering [Kerbl et al. 2023] proves efficient for point cloud pruning
as well as better optimization. However, there are significant problems with temporal aliasing in this
approach through a discrete rounding operation, which also impacts the optimization of structural
parameters through approximate gradients.

In this chapter, we introduce TRIPS, a novel trilinear splatting approach that solves these problems.
It seeks to harness the strengths of both ADOP (and VET’s blending formulation) and 3DGS without
losing real-time rendering capabilities, which allow for great optimization, visual quality, and temporal
stability.

To recap, 3DGS models each point as a 3D Gaussian distribution, directly optimizing the shapes and
sizes of the points. This efficiently fills point cloud gaps in the global coordinate space by employing
large splats. In particular, it generates high-quality images without the need for a neural network for

3D Gaussians | =,
A

Figure 4.1: Previous point-based radiance field rendering methods provide great results in many cases, but ren-
derings can be aliased and incomplete (ADOP [Riickert et al. 2022] (left), missing parts of the bike’s tire), or
overblurred (3DGS [Kerbl et al. 2023] (middle), missing fine grass details). Our approach combines the advan-
tages of both to render crisp, complete, and alias-free images.
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Figure 4.2: Our pipeline: TRIPS renders and blends a point cloud trilinearly as 2x2x2 splats into multi-layered
feature maps with the results being passed though our small neural network, containing only a single gated
convolution per layer. Following, an optional spherical harmonics module and tone-mapper is used to produce
the final image. This pipeline is completely differentiable, so that point descriptors (colors) and positions, as well
as camera parameters are optimized via gradient descent.

reconstruction. However, it may reduce sharpness, as Gaussians can cause blurriness and cloudiness,
especially with few observations.

In contrast, ADOP [Riickert et al. 2022] rasterizes radiance fields as one-pixel points with depth testing
at multiple resolutions. Subsequently, it employs a neural network to address gaps and enhance texture
details in screen space. This technique can recreate texture details beyond the original point cloud’s
resolution, but the computational load increases due to the neural network, and it struggles with large

gaps.

Similar to 3DGS, TRIPS rasterizes splats of varying size; however, like ADOP, it also applies a recon-
struction network to generate hole-free and crisp images (see Fig. 4.1). More precisely, we first rasterize
the point cloud as 2 X 2 x 2 trilinear splats into an image pyramid and blend them using front-to-back
alpha blending. Subsequently, we feed the image pyramid through a compact and efficient neural recon-
struction network, which harmonizes the various layers, addresses the remaining gaps, and conceals
the rendering artifacts. To ensure the preservation of high detail, particularly in challenging input
scenarios, we incorporate spherical harmonics and a tone mapping module into our pipeline.

In our evaluations, we show that our approach can produce crisper images compared to 3DGS, with
almost the same performance. Furthermore, it surpasses ADOP in the task of filling sizable gaps, allow-
ing correct spatial gradients and maintaining temporal consistency throughout the rendering process.
In summary, our contributions in this chapter are as follows.

+ The introduction of TRIPS, a novel trilinear point splatting technique for radiance field rendering.

« A differentiable pipeline for optimization of all input parameters, including point positions and
sizes, creating robust scene representations.

+ An implementation of the method resulting in high-quality real-time renderings under varying
capture conditions.

An open source implementation is available under:
https://github.com/1franke/TRIPS
The project page, including videos, is available under:

https://1franke.github.io/trips
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4.2 Method

@ Project

Position + Size

Figure 4.3: Trilinear Point Splatting: (left) all points and their respective size are projected into the target image.
Based on this screen space size, each point is written to the correct layer of the image pyramid using a trilinear
write (right). Large points are written to layers of lower resolution and therefore cover more space in the final
image.

4.2 Method

Fig. 4.2 provides an overview of our rendering pipeline. The input data consists of images with camera
parameters and a dense point cloud, which can be obtained through MVS [Schonberger et al. 2016] or
LiDAR sensing. To render a specific view, we project the neural color descriptors of each point into
an image pyramid using the TRIPS technique (as detailed in Sec. 4.2.1) and blend them (Sec. 4.2.2).
Subsequently, a compact neural reconstruction network (described in Sec. 4.2.3) integrates the layered
representation, followed by the application of a spherical harmonics module (discussed in Sec. 4.2.4)
and a tone mapper that transforms the resulting features into RGB colors.

Core to our method is the trilinear point renderer, which splats points bilinearly onto the screen space
position as well as linearly to two resolution layers, determined by the projected point size. Our ren-
derer uses similar nomenclature and is inspired by previous point-rasterizing approaches [Kopanas
et al. 2021; Ruckert et al. 2022]. The neural image I is the output of the render function &,

I=®(C,R t,x,E, s, T, a), (4.1)

where C are the camera intrinsics, (R, t) the extrinsic pose of the target view, x the position of the points,
E the optional environment map, s,, the world space size of the points, 7 the neural point descriptors,
and «a the transparency for each point.

In contrast to other approaches, we do not use multiple render passes with progressively smaller res-
olutions, as this causes severe overdraw in the lower resolution layers. Instead, we compute the two
layers which best match the point’s projected size and render it only into these layers as 2 X 2 splat. By
doing so, we mimic varying splat sizes, although effectively rendering only 2 X 2-splats. The layers are
then later merged in a small neural reconstruction network (Sec. 4.2.3) to the final image, resembling
the decoder part of a U-Net.

4.2.1 Differentiable Trilinear Point Splatting

Using camera intrinsics C and pose (R, t), we project each point position (x,,, y,, Z1) to continuous
(non-rounded) screen space coordinates (x,y, z) and each world-space point size s,, to screen space
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Figure 4.4: In each pixel of the image pyramid, a depth-sorted list of colors and alpha values is stored. The final
color of each pixel is computed using front-to-back alpha blending on the sorted list.

size s with the camera’s focal length f:
[ sw

z

s= (4.2)

Next, we render these points as a 2 X 2 X 2 splats bilinearly and handle point size by splatting into two
neighboring resolution layers L, as shown in Fig. 4.3. The resolution layers are selected to be the two
closest in sizes to the projected size of the point with Ljoer = [log(s) | and Lypper = [log(s)].

For each of the then selected eight pixels, we compute the contribution of the point to that pixel and
augment its own transparency value with it. The final opacity value y that is written to the image
pyramid for pixel (x;, y;, s;) with's; = 2L is

=f-1 (4.3)
=(1- Ix xil) - (1= ly —yil) (4.4)
o s=sil
ZLupper 2Liower s=1 (45)
e+(1—e)s si=0As<1

where f is the bilinear weight inside the image layer, ¢ is the linear layer weight, and « the opacity
value of the point. The layer weight : is a standard linear interpolation if the point size s is inside the
image pyramid. The second case of Equ. (4.5) handles far away points that have a pixel size smaller than
one. In order not to miss these, we always add them to the finest level 0. To avoid that their weight
disappears, we ensure that their contribution is at least € = 0.25.

4.2.2 Multi Resolution Alpha Blending

Since each point is written to multiple pixels and multiple points can fall into the same pixel, we collect
all fragments in per pixel lists Ay, x, ;- These lists are sorted by depth and clamped to a maximum size
of 16 elements. Eventually, the color Cy is computed using front-to-back alpha blending (Fig. 4.4):

|A|
Cp = Z T+ O - Cm (4.6)

m=1
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Figure 4.5: Our design of one gated convolution block that processes the features of the image pyramid with
the number of channels passed through indicated at each step.

m—1

Tn = ]—[(1 - a;), (4.7)

i=

4.2.3 Neural Network

The result produced by our renderer consists of a feature image pyramid comprising n layers. These in-
dividual layers are finally consolidated into a single full-resolution image by a compact neural network,
as depicted in Fig. 4.2. Our network architecture incorporates a single gated convolution [Yu et al. 2019]
in each layer with a self-bypass connection and a feature size of 32. Additionally, we include a bilinear
upsampling operation for all layers except the final one, merging the output with the subsequent level.
This configuration is shown in Fig. 4.5 and resembles an efficient decoder network, due to its restrained
number of features, pixels, and convolutional operations.

Unlike well-established hole-filling neural networks [Aliev et al. 2020; Rakhimov et al. 2022; Riickert
et al. 2022], our approach demands a significantly smaller and more efficient network. This reduced
network size stems from the fact that our renderer is adept at filling gaps autonomously and generates
smooth output through trilinearly splatting points. Consequently, the network’s primary task is to
learn minimal hole-filling and outlier removal, allowing it to concentrate its efforts on high-quality
texture reconstruction.

4.2.4 Spherical Harmonics Module and Tone Mapping

To model view-dependent effects and camera-specific capturing parameters (like exposure time), we
optionally interpret the network output as spherical harmonics (SH) coefficients, convert them to RGB
colors, and finally pass the result to a physically based tone mapper. This allows the system to make
use of explicit view directions. The SH module makes use of spherical harmonics with degree 2, which
corresponds to 27 input coefficients (9 coefficients per color channel). These coefficients are the output
of the last convolution of our network. The tone mapper follows the work of Riickert et al. [2022],
which models exposure time, white balance, sensor response, and vignetting,.

4.2.5 Optimization Strategy

Before novel views can be synthesized, the rendering pipeline is optimized to reproduce the input
photographs. This optimization includes point position, size, and features, as well as the camera model
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and poses, neural network weights, and tone mapper parameters. We train for 600 epochs, which,
depending on scene size, requires 2-4 hours to converge.

As training criterion, we use the VGG-loss [Johnson et al. 2016] which has been shown to provide
high-quality results [Riickert et al. 2022]. However, the VGG network tends to be slow to evaluate, thus
significantly increasing training times compared to the MSE loss. Therefore, we use a combination of
MSE and SSIM [Kerbl et al. 2023] in the first 50 epochs when the advantages of VGG are still negligible.
This speeds up training time by about 5% percent.

Similar to Kerbl and Kopanas et al. [2023], we use a "warm-up” period of 20 epochs, during which we
train with half image resolutions. Afterwards we randomly zoom in and out each epoch, so that all
convolutions (whose weights are not shared) are trained to contribute to the final result.

4.2.6 Implementation Details

Our implementation uses forch as auto-differentiable backend, however the trilinear renderer is im-
plemented in custom CUDA kernels, as they commonly provide better performance [Kerbl et al. 2023;
Riickert et al. 2022]. Fast spherical harmonics encodings are provided by tiny-cuda-nn [Miiller 2021].

The renderer is implemented in three stages: collecting, splatting and accumulation, albeit diverging
from other state-of-the-art multi-layer blending strategies, this turned out to work best in our sce-
nario [Franke et al. 2018; Lassner and Zollhofer 2021; Vasilakis et al. 2020]. We first project each point
(X49> Yw» Z4w) to the desired view and collect each point’s (x, y, z) as well as point size s in a buffer, and
also count how many elements are mapped to each pixel. This counting is then used for an offset scan
to index into one continuous arrays for all layers. The following splatting pass duplicates each point
and stores a pair of (z, i) (with i an index to the stored information) in each pixels’ list.

Following, a combined sorting and accumulation pass is done. Regarding performance, this part is
critical, as such we opt to only use the front most 16 elements from each (sorted) list, a common practice
when blending points [Lassner and Zollhofer 2021]. We could not identify any loss of quality caused
by this approximation, as the blending contribution of later points is very low. This limitation allows
us to use GPU-friendly sorting, as we repeat warp-local (32 threads) and shuffle-based bitonic sorts,
always replacing the latter 16 elements with new unsorted ones, until the lists are empty. For the
backwards pass, the sorted per-pixel lists are stored, allowing fast backpropagation. The front-to-back
alpha blending (see Sec. 4.2.2) is done in the same pass as the sorting pass, because all relevant elements
are already in registers.

In contrast to Kerbl and Kopanas et al. [2023], we use this per-pixel sorting, which proved to be faster
for us then global sorting. This is mostly due to the higher amount and smaller sizes of points in our
approach.

For scenes with a large deviation in point density, we found that occlusion may not be correctly eval-
uated by the neural network in edge cases. Therefore, we include points from coarser layers during
blending (in the usual way), of which the additional cost is very small (< 0.5ms).

Point sizes are initialized with the average distance to the four nearest neighbor, which is then efficiently
optimized during training (see evaluation: Fig. 4.7).
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4.3 Evaluation

Next, we compare our approach with prior art as well as showcase the effectiveness of our design
decisions in ablation studies.

4.3.1 Setup and Datasets

We have evaluated our approach on several scenes from the Tanks&Temples [Knapitsch et al. 2017] and
the MipNeRF-360 [Barron et al. 2022] datasets. Additionally, we use the BoaT and OFFICE scene from
Rickert et al. [2022] to evaluate robustness towards difficult input conditions. The former contains
outdoor auto-exposed images while the later is an office floor with multiple distinct rooms and a large
LiDAR point cloud, but sparsely placed cameras.

From Tanks&Temples, we use the intermediate set containing eight scenes: TRAIN, PLAYGROUND, M60,
LicHTHOUSE, FAMILY, FRANCIS, HORSE and PANTHER. These scenes are outdoor scenes captured under
varying lighting conditions but with good spatial coverage and can be seen as a good baseline for
robustness. The MipNeRF-360 dataset [Barron et al. 2022] consists of 5 outdoor and 4 indoor scenes.
This dataset was captured with controlled setups and has capture positions well suited for volumetric
rendering with a hemispherical setup [Kopanas and Drettakis 2023]. We use half resolution for images
of this dataset, resulting in resolutions of around 2500 X 1600 px for outdoor and 1550 X 1030 px for
indoor scenes.

Point clouds of all scenes were acquired via COLMAP’s MVS [Schonberger et al. 2016], except OFFICE
which was captured by LiDAR.

For the quantitative evaluation, we use the LPIPSygg [Zhang et al. 2018], PSNR, and SSIM metrics.
We note, however, that neither of these metrics always reflect visual impression. Some approaches are
trained with MSE-loss or SSIM and therefore naturally perform better in PSNR and SSIM. Our approach,
on the other hand, is trained with VGG-loss and thus usually shows better scores on LPIPS.

In all experiments, we leave every 8th view out for testing. This is the same train/test split as used in
current related work [Barron et al. 2022; Kerbl et al. 2023].

4.3.2 Quality Comparison

In Tab. 4.1 and Fig. 4.6, we compare our approach to InstantNGP [Miiller et al. 2022], MipNeRF-360 [Bar-
ron et al. 2022], 3DGS [Kerbl et al. 2023] and ADOP [Riickert et al. 2022]. The latter two are the closest-
related point-based radiance field rendering approaches.

On the Tanks&Temples dataset, our approach achieves on average the best LPIPS score with an im-
provement of 20% over the second best. In PSNR and SSIM, the score is on par with state-of-the-art.
On the MipNeRF-360 dataset, we obtain again the best LPIPS score; however, the volumetric methods
and 3DGS show an improved PSNR and SSIM. The difference can be inspected in Fig. 4.6. For example,
in row 3, the TRIPS rendering provides better sharpness with more details, but the MipNeRF-360 and
Gaussian output are overall cleaner with less noise. On the difficult BOAT and OFFICE scenes, we can
show that our rendering pipeline is robust to extreme input conditions.
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Table 4.1: Results on the Tanks&Temples and MipNeRF-360 datasets, as well as BoaT and OFFIcE. See also
Fig. 4.6 for visual comparisons.

Tanks&Temples MipNeRF-360 Boar OFFICE

Method LPIPS| PSNRT SSIM{ | LPIPS| PSNRT SSIMT | LPIPS| PSNRT SSIMT | LPIPS| PSNRT SSIM7
InstantNGP 0.475 21.74 0.692 0.374 25.94 0.697 0.598 15.34 0.455 0.544 13.45 0.801
Mip-NeRF 360 0.340 24.61 0.789 0.286 0.680 12.20 0.357 0.526 15.22 0.832
Gaussian Spl. 0.300 24.63 0.278 26.94 0.792 0.544 15.30 0.470 0.371 18.77 0.878
ADOP 0.229 23.78 0.802 0.285 23.26 0.707 0.279

Ours 0.808 25.94 0.772

InstantNGP

MipNeRF-360 Gaussian Splatting ADOP Ours Ground Truth

]

: ‘v. ’»‘ , ‘, . - .‘ = ..—— 4 s - “--‘7 -

Figure 4.6: Visual comparisons.
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Initial Point Cloud

Optimized Point Cloud

Figure 4.7: The initial COLMAP reconstruction lacks points on the pedestal of the statue (top left). Our approach
distributes the few present points and increases their sizes (bottom left) thus rendering them also in lower layers
(middle). Thus our pipeline can avoid distracting holes (right).

4.3.3 Ablation Studies

In this section, first we show the effect of our design choices.

Point-Size Optimization With our trilinear splatting technique, point sizes can be optimized to fill
large holes in the scene. We show this capability in Fig. 4.7, where the initial point cloud exhibits a
large hole in the pedestal of the horse producing artifacts in rendering (top row). To combat this, our
pipeline efficiently moves and enlarges the points to fill the hole (bottom row), thus providing great
render quality.

Point Position Optimization To test the efficiency of our trilinear point position optimization com-
pared to the (cheaper) approximate gradients from ADOP, we added random noise (of 0.01) to the po-
sitions of all points after training, then optimize only point positions for 100 epochs. The result can be
seen in Fig. 4.8. Our pipeline is able to reconstruct the correct rendering, while ADOP’s result barely
improves.

noise added to point cloud Ground Truth.

T Y

g

ADOP p‘ti;ed " Ours timzed

Figure 4.8: We added noise to the converged point clouds of ADOP and ours, then restarted optimization for
positions only. Ours is able to converge back to the correct result, ADOP fails at that.
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Number of Render Layers Due to our trilinear point rendering algorithm, increasing the number
of pyramid layers has almost no negative impact on render time. As seen in Tab. 4.2, having 8 layers
improves quality, especially with PSNR. For reference, other approaches make use of 4 [Ruckert et al.
2022] or 5 [Aliev et al. 2020] layers and describe significant performance impacts when increasing the
number of layers [Riickert et al. 2022].

Table 4.2: Number of resolution layers used (HORSE scene).
#Layers | LPIPS| PSNRT SSIMT Time ]

0.216 21.24 0.818 7.10ms

0.201 22.40 0.826 7.35ms

0.197 22.76 0.826 7.42ms

0.196 23.06 0.829 7.50ms

0.195 23.10 0.826 7.54ms

0.192 23.34 0.828 7.61ms

0 N U W

View Dependency After the neural network, optionally we use a spherical harmonics module to
model view-dependent artifacts of the scene. This improves the rendering quality for some scenes
(GARDEN), while for others, it makes little to no difference (see Tab. 4.3). Applying the spherical har-
monics before the network achieves roughly the same quality, but also reduces efficiency due to ad-
ditional memory overhead. On scenes without reflective materials, skipping the spherical harmonics
module is thus possible.

Table 4.3: View dependency on different scenes. On scenes with strong view dependency (GARDEN), adding
view dependent configurations, either via our SH network module (SH-net) or optimized per point (SH-point)
increases quality, however the per-point point setup severely impacts performance. Our module gives a balanced
trade off, which also avoids over-fitting on less view-dependent scenes (PLAYGROUND).

PLAYGROUND (12.5M Points) HorsE (1.8M Points) GARDEN (8.2M Points)
View-dep | LPIPS | PSNRT SSIMT Time | |LPIPS| PSNRT SSIMT Time | |LPIPS| PSNRT SSIMT Time |
none 0.225 24.85 0.720 11.1ms | 0.202 22.73 0.822 7.7ms 0.219 24.82 0.756  17.9ms
SH-net 0.225 24.88 0.724 133ms | 0.203 22.81 0.825 8.9ms 0.222 24.46 0.752  18.5ms

SH-point 0.236 24.32 0.702  27.4ms | 0.200 22.89 0.829 10.2ms | 0.213 25.15 0.756  27.3ms

Feature Vector Dimensions Our pipeline uses by default four feature descriptors per point. More
features only marginally increase the quality, while requiring significantly more memory and slightly
increasing rendering time, as shown in Tab. 4.4.

Table 4.4: Features per point on the PLAYGROUND scene.
# Features ‘ LPIPS| PSNRT SSIMT Time ]

4 0.225 24.85 0.720 11.1ms
6 0.231 24.61 0.701 11.7ms
8 0.223 25.04 0.727 12.2ms

Networks In our pipeline, we use a small decoder network made out of gated convolutions, pre-
sented in Sec. 4.2.3. ADOP [Riickert et al. 2022] on the other hand, uses a four-layer U-Net with double
convolutions for the encoder and decoder (thus around 6 times more parameters). As seen in Tab. 4.5,
in our pipeline, our networks provide similar quality to ADOP’s full network, while being much faster
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in inference. With spherical harmonics, inference times slightly increase, but the system is now able to
model view dependency. Adding the SH-module to the second finest layer (ours+SHy,) instead of the
finest (ours+SH) of the network improves efficiency but weakens results.

Table 4.5: Network configuration compared (PLAYGROUND scene).
Network | LPIPS| PSNRT SSIMT Time |
ADOP-net 0.236 24.74 0.713 10.7ms
ours 0.225 24.85 0.720 4.5ms
ours+SH 0.225 24.88 0.724 5.6ms
ours+SH 2 0.248 24.34 0.684 2.2ms

Time Scaling on Number of Points As seen in Tab. 4.6, TRIPS is very efficient in rendering large
amounts of points. Even for our largest scene with more than 70M points, the pipeline remains real-
time capable with only 15ms required for rasterization.

Table 4.6: Efficiency of our approach regarding point cloud sizes.

Scene ‘ Horse GARDEN PLAYGR. Boat OFFICE
#Points 1.8M 7.8M 12.5M 53.0M 72.5M
Time 2.5ms 5.9ms 6.2ms 13.1ms  15.0ms

4.3.4 Rendering Efficiency

In Tab. 4.7, we evaluate training and rendering time for all examined methods. Our method trains for
around 2-4h per scene on an Nvidia A100 and renders a novel view in around 11ms on an RTX4090. A
finer breakdown of the steps involved can be found in Tab. 4.8.

Table 4.7: Training and render times on the GARDEN (images resolution: 2594x1681) and PLAYGROUND scene
(1920%1080).

Method ‘ Train ‘ Render(GARDEN) ‘ Render(PLAYGR.)
InstantNGP 0.25h 131ms 172ms
Mip-NeRF360 36h 38000ms 18000ms
ADOP 8h 30.3ms 14.5ms
Gaussian Spl. | 0.75h 11.5ms 8.6ms
Ours 4h 16.4ms 11.1ms

Table 4.8: Breakdown of the frame time for the PLAYGROUND scene. Our method’s "Rasterize” consists of: count-
ing and memory allocation with 1.9ms, splatting with 2.6ms and combined sorting and blending with 1.7ms.

Method ‘ #Points ‘ Rasterize ~ Network Tonemap ‘ In Total
ADOP 12M 3.1ms 11.0ms 0.4ms 14.5ms
Gauss. Spl. 2M 8.6ms 8.6ms
Gauss. Spl. &M 11.4ms 11.4ms
Ours 12M 6.2ms 4.5ms 0.4ms 11.1ms

4.3.5 Outlier Robustness

Asseenin Fig. 4.9, our approach is robust to outlier measurements, for example, people walking through
the scene. Especially volumetric approaches like MipNeRF-360 suffer from severe artifacts in this case,
due to strong view-dependent over-fitting capability.
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Ground Truth

MipNeRF-360 Gaussian Splatting

Figure 4.9: Comparison of outlier robustness on the FAMILY scene. Only our methods is able to remove floating
artifacts while still retaining full color precision on the sidewalk.

4.3.6 Comparison to Prior Work with Number of Points

We have seen in previous experiments that 3DGS [Kerbl et al. 2023] has blurrier results compared to
TRIPS, which can be confirmed by their weak LPIPS scores. However, they start with fewer point
primitives (the SfM reconstruction) and thus are limited in the amount of detail to display. To this
end, we conducted an experiment, where the 3DGS pipeline is provided with the dense point cloud
(providing the same input as for our pipeline). 3DGS has a pruning mechanism to remove unwanted
Gaussian, thus after their full training, from the initial 12.5M points only around 8M survived.

Table 4.9: Performance of the methods on the PLAYGROUND scene. Gaussian (dense) starts with COLMAP’s
dense reconstruction of 12M points and prunes them to 8M, Gaussian (sparse) is the original sparse setup and
has about 2M points. Also see Fig. 4.10.

Method | LPIPS| PSNRT SSIM Time |
Ours 0.229 25.12 0.746 11.1ms
ADOP 0.233 2486  0.753  14.5ms

Gaussian (dense) 0.283 24.06 0.773  11.4ms
Gaussian (sparse) | 0.322 24.61 0.776 8.6ms

Gaussian Splatting ~ Gaussian Splatting Ours Ground Truth
normal dense point cloud

Figure 4.10: Visual results of 3DGS with COLMAP’s dense point cloud as input compared its normal setup as
well as ours, which provides the sharpest results (PLAYGROUND scene).
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The results of this experiment are presented in Tab. 4.9. It can be seen that LPIPS improves with more
Gaussians (however, PSNR declines) as fine details can be reconstructed better. The qualitative compar-
ison paints the same picture (see Fig. 4.10), where the quality of the grass improves drastically; however,
finer details such as the chains still can only be reconstructed by us. Overall, the technique cannot reach
the quality and scores of TRIPS, as we can keep more points to render efficiently as well as use neural
descriptors to encode more detailed information.

Furthermore, our approach performs more efficiently in scenarios with large point clouds. In the dense
setup, TRIPS outperforms 3DGS, as the resolution-dependent computation cost of our neural network
(4.5ms at 1920 x 1080) catches up with our more efficient point rasterizer (see Tab. 4.8).

4.4 Limitations

In the preceding section, we demonstrate TRIPS’ effectiveness on commonly encountered real-world
datasets. However, we also identified potential limitations. One such limitation arises from the pre-
requisite to have an initial dense reconstruction (in contrast to 3DGS), which may not be practical in
certain scenarios.

Additionally, our lack of an anisotropic splat formulation can create problems: When our method is
tasked with strong hole filling of elongated, slender objects (such as poles), noisy artifacts surrounding
their silhouettes can be observed. An example of this is depicted in Fig. 4.11. In such instances, the
slightly blurred edge characteristic of 3DGS is often preferred.

Furthermore, even though the temporal consistency compared to previous point rendering ap-
proaches [Aliev et al. 2020; Riickert et al. 2022] has been drastically improved, slight flickering can
still occur in areas with too many or too few points.

Our trilinear point splatting splits up points into distinct layers and as such loses depth information.
Theoretically, during recombination, this could create holes in solid geometry. In practice, we could not
find instances of this happening except in extreme zoom-ins far outside the training data. We believe
that the per-point descriptors, the point inclusion in coarse layers, and the network-based recombina-
tion are capable of combating this issue, as reflected in the rendering quality.

Furthermore, as will be discussed in the next chapters, large-scale scenes and VR rendering are difficult
with TRIPS.

y

Gaussian Splatting : ADOP Ours Ground Truth

Figure 4.11: Limitation: Holefilling close to the camera exhibits fuzzy edges and shine-through.
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4.5 Conclusion

In this chapter, we present TRIPS, a robust real-time point-based radiance field rendering pipeline.
TRIPS employs an efficient strategy of rasterizing points into a screen-space image pyramid, allowing
the efficient rendering of large points and is completely differentiable, thus allowing automatic opti-
mization of point sizes and positions. This technique enables the rendering of highly detailed scenes and
the filling of large gaps, all while maintaining a real-time frame rate on commonly available hardware.

TRIPS achieves high rendering quality, even in challenging scenarios such as scenes with intricate
geometry, large-scale environments, and auto-exposed footage. Moreover, due to the smooth point
rendering approach, a comparably simple neural reconstruction network is sufficient, resulting in real-
time rendering performance.
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CHAPTER 5

NePO: Neural Point Octrees for Large-scale Novel View
Synthesis

This chapter is based on the paper Lewis et al. [2025], currently under submission. The author of this
thesis contributed the algorithmic idea, project conceptualization, and supervised Noah Lewis during
the implementation in their Master’s thesis. In addition, the author of this thesis evaluated parts of the
proposed method and competing methods and wrote the original draft of the paper. Noah Lewis con-
tributed the implementation and major parts of the method evaluation and validation. Darius Riickert
contributed implementation advice and hardware support during the evaluations. Marc Stamminger
administered and helped conceptualize and supervise the project as well as provided critical feedback
in all stages. All co-authors contributed review and editing during writing.

5.1 Introduction

TRIPS effectively renders scenes and consistently optimizes scene parameters. Nevertheless, hardware
constraints limit point cloud sizes since having excessive points can cause GPU memory overflow.
We aim to facilitate unrestricted exploration in vast scenes, since otherwise immersion can suffer if
exploration is constrained by invisible barriers. Large-scale captures, however, using thousands of
images aren’t directly supported and often need partitioning or more intricate training methods, as
mentioned by Turki et al. [2022]. Point-based methods like TRIPS encounter significant challenges,
including high memory usage during training and inference, quality loss from vanishing gradients
(notably in splatting methods), and substantial performance degradation due to overdraw or expensive
splat sorting.

An example are datasets from LiDAR- and camera-equipped cars with billions of LiDAR points and
thousands of ground truth images. NVS based on such data offers significant potential for numerous
applications; however, they present challenges for existing methods. First, captured images exhibit a
large depth range and spatial resolution variation, which requires specialized optimization and ren-
dering techniques [Kerbl et al. 2024]. Second, these capture scenarios often involve limited viewing
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Figure 5.1: Input to our approach is a dense point cloud, as for instance achieved by LiDAR sensing on board a
car, plus many, roughly posed RGB images (left). We compress the point cloud data into a neural point octree
and optimize its features jointly with the camera parameters (center). After training, we can render novel views
in high quality at more than 150 frames per second (right).
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CHAPTER 5 NePO: Neural Point Octrees for Large-scale Novel View Synthesis

angles for parts of the scene, causing many prior methods to overfit to the captured views and fail for
extrapolated view directions.

To overcome such limitations, we propose NePO, a hierarchical differentiable point-based radiance
field rendering technique, based on Point Octrees (PO-Trees) [Schiitz 2016]. The approach is tuned for
large-scale LiDAR datasets, but the input point cloud can also come from other depth sensors or an
MVS reconstruction. NePO optimizes radiance fields and enables high-quality real-time NVS, even for
challenging datasets with hundreds of millions of LiDAR captured points without downsampling or
data partitioning strategies [Kerbl et al. 2024; Lin et al. 2024a].

The underlying data structure of NePO is a neurally extended version of PO-Trees [Schiitz 2016; Schiitz
et al. 2020], which provides intuitive LoD rendering and culling. We start with a dense point cloud and
numerous posed ground-truth views with rough poses. Like PO-Tree, we generate a point octree in a
bottom-up manner, sampling points for upper nodes from the full point cloud. Neural descriptors are
assigned to the entire hierarchy such that upper nodes capture the global appearance and lower nodes

add detail.

For rendering and training, the octree is cut and culled to ensure similarly sized projected bounding
boxes on screen. An optional point budget controls memory usage based on hardware capabilities.
Points are efficiently rendered as one-pixel sized splats and we output an approximate depth map,
which is used to smooth the renderings temporally. Finally, we use a CNN to decode the descriptors
and fill the remaining gaps in undersampled areas.

Our approach is fully differentiable and can optimize neural point descriptors, camera poses, as well as
the back-end network and a final tone mapping stage. Furthermore, our point representation can be
further densified and pruned based on gradient variance inside the octree nodes.

Our approach bears similarities to the hierarchical Gaussian Splatting approaches [Kerbl et al. 2024;
Lin et al. 2024a], but has algorithmic differences. NePO optimizes a single hierarchical data structure
for the entire scene, so no partitioning and consolidation step is necessary. Because our approach does
not render overlapping splats, it exhibits less overdraw. In combination with a parallel LoD-aware
multiresolution selection, we achieve very fast point rendering. However, the back-end reconstruction
network has some performance impact, but it can reproduce delicate texture structures better.

In the results, we show the effectiveness of our approach on various data sets, allowing NVS with point
clouds of hundreds of millions of points at real-time frame rates. We compare our approach with other
state-of-the-art methods, showing superior quality and/or render times, in particular for scene data
based on LiDAR.

The contributions of this chapter are as follows.

+ A memory-efficient neural point-octree representation for real-time NVS and pose refinement of
large-scale scenes.

« A novel point octree generation method optimized for neural rendering to incorporate large
amounts of data from LiDARs.

« A novel, direct and differentiable rendering solution for this data structure that outputs a multi
resolution feature pyramid.

+ A detailed analysis of NePO’s performance and rendering quality and comparison with prior
work.
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Figure 5.2: Our pipeline: We preprocess our unstructured point cloud to an octree. For rendering and opti-
mization, we cut the octree based on LoD considerations and rasterize into multi-resolution feature images with
progressively lower resolutions. A neural renderer and subsequent tone mapper resolve and combine the image

pyramid. Following a temporal anti-aliasing module smooths the rendering. During training, all points as well
as camera and tone mapping parameters are optimized, and the octree cells are further densified and pruned.

5.2 Related Works

For large scale reconstructions, recent methods subdivide the scene into blocks and optimize a NeRF
for each of them [Duckworth et al. 2024; Mi and Xu 2023; Tancik et al. 2022; Turki et al. 2022], but do
not provide LoD rendering and training. Mega-NeRF [Turki et al. 2022] and Switch-NeRF [Mi and Xu
2023] are based on an LoD-structure and provide great results, however rendering takes seconds per
frame to compute.

In the context of explicit point-based rendering, approaches using data partitioning schemes [Lin et al.
2024a] or data distribution models [Chen and Lee 2024] show great results. Including both, Kerbl and
Meuleman et al. [2024] introduced a highly efficient conquer-and-divide scheme called Hierarchical
3D Gaussian Splatting (Hier3DGS), optimizing smaller Gaussian representations independently and
merging them into a hierarchical rendering structure (BVH).

5.3 Overview

An overview of the rendering pipeline is illustrated in Fig. 5.2. The input to the method are posed
RGB images and a dense point cloud, which is first compressed into an octree structure (Sec. 5.4.1).
Each point is augmented with four channel neural feature descriptors for appearance representation.
Based on the camera parameters, the correct LoD is selected (Sec. 5.4.2) and rasterized in a multi-
resolution fashion (Sec. 5.4.3). During training, the point cloud including neural descriptors, the neural
network, and camera parameters are jointly optimized, based on our differentiable octree rendering
(Sec. 5.4.4). Finally, a hierarchical neural network is applied to decode features and fill holes, and a
tone mapper converts the result to the output image (Sec. 5.4.5). For scene rendering during inference,
we adapt a temporal anti-aliasing scheme to eliminate flickering (Sec. 5.4.6). Furthermore, new points
are spawned in incomplete regions (Sec. 5.4.7) and unused points are automatically deleted (Sec. 5.4.8).
During training (Sec. 5.4.8), we optimize the neural renderer, point features, tone mapping parameters,
and camera poses. All stages of the pipeline are implemented very efficiently with streaming in mind,
thus arbitrary large scenes can be handled by our method (Sec. 5.4.10).

5.4 Neural Point Octrees

The foundation of our approach are point octrees (PO-Trees) [Schiitz 2016; Schiitz et al. 2020], a well-
established technique to efficiently rasterize large amounts of points for visualization. The core idea is
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that each hierarchy level contains a sub-sampled version of the original point cloud and each additional
layer adds more points to fill holes and add more topologic information. Rendering is performed by
top-down tree traversal and stopped when the required LoD level is reached.

5.4.1 Non-Uniformly Distributed Octree Generation

Our hierarchical data structure is based on PO-Tree. Also its construction follows the original ideas,
but is slightly adapted to better handle the type of datasets we are aiming at.

First, we voxelize our point cloud and retain only one point within a very close area (typically 1 mm),
effectively removing very small, dense clusters of points. These clusters do not enhance the quality of
NVS in our system and would reduce performance due to overdraw. Next, we eliminate empty nodes
from our representation and merge voxels, until each node contains a minimum number of points M.
These sets of points Sy form the leaf nodes of our octree.

We then construct the tree in a bottom-up manner by progressively removing points from each node
and inserting them one level higher. This step ensures that the point distribution in a parent node
closely resembles the distribution of its eight child nodes, allowing upper nodes to serve as coarser
approximations of the point distribution below. To achieve this, we first calculate the average distance
d of all points in the point cloud. For each level [, we compute the corresponding sample distance d;
using the formula:

d=d- 2 (5.1)

This distance is then used to determine the set of points S; for each parent node from its eight child
nodes Sli_1 using Poisson disc sampling P with minimum distance dj :

Si = {P(S]_,d1), ... P(S]_;,d1)} (5.2)
Notably, Equ. 5.1 normally results in a quadratic (not cubic) sparsification per layer, as our point cloud
originates from surfaces rather than volumes. This process creates an octree where each node contains
a similar number of points or is empty.

5.4.2 Level of Detail Selection

To determine the nodes required of for a given view, we could perform a traversal of the hierarchy,
determine for each node whether it is to be selected for rendering, and skip subtrees of not selected
nodes. Because this sequential approach maps badly to GPUs, we instead iterate over all nodes of the
hierarchy in parallel, evaluate the below described selection criterion independently, and gather all
selected nodes in a list. This approach maps much better to highly parallel GPUs, even if it disables the
skipping of entire subtrees. More details can be found in Sec. 5.4.10.

To decide whether a node is to be rendered, we project all corner points from n’s bounding box to screen
space and approximate its screen area A(n) by the area of the screen space bounding box. Along with
the node visibility function V(n), which returns false if n is off screen, our LoD selection criterion
Crop (n) for rendering a node is

Crop(n) = V(n) A A(n) > 6, (5.3)
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Figure 5.3: Our LoD scheme. We cull nodes outside
the view frustum and if the projected node becomes
too small. The resulting tree cut is then used for ren-
dering.
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Figure 5.4: LoD-aware multi-resolution rendering.
To avoid overdraw, we make our culling criterion pro-
gressively harsher, so that less nodes are drawn for
lower resolution layers.

where § is a threshold area in pixels. We set § proportional to the desired node’s minimum point
number M to achieve a uniform point distribution across the screen. See Fig. 5.3 for a visualization.

Optionally, we can add a total point budget to the rendering, and cull lower level nodes once the budget
is exceeded. This addition allows easy accommodation of different hardware and rendering demands.

5.4.3 Multi-resolution Rendering

As demonstrated in previous work [Aliev et al. 2020; Riickert et al. 2022], rendering the point cloud at
multiple image resolutions significantly improves the final quality of neural rendering. With the Neural
PO-Tree data structure, multi-resolution rendering can be seamlessly integrated into the rendering
pipeline by adjusting the cutoff § for each target layer. The multi-resolution LoD selection criterion for
anode n at level [

An) 6
> J—
4! ul
ensures that low-level nodes (near the leaves) are rendered only to high-resolution targets, while high-
level nodes are also rendered to the coarser levels of the image pyramid (see Fig. 5.4). Here, u is a

tunable parameter, which we empirically set to 3 (see Sec. 5.5.4). This approach enhances and regularizes

Crop(n, 1) =V(n) A withl € [1...4] (5.4)

our representation, ensuring that coarser rendered layers as well as octree nodes capture the broader
appearance, while finer layers and nodes add detail to the image.

5.4.4 Differentiable Rasterization

Our hierarchical representation is rasterized into an image pyramid with target images of varying res-
olution. After evaluating the LoD selection for each target level, all points of the selected nodes are
rasterized as one-pixel sized splats. First, a fuzzy depth test [Rickert et al. 2022; Schitz et al. 2021]
is performed as a pre-pass, allowing multiple points per pixel to pass within a small interval. Each
point that passes this test is rasterized again, where descriptors of all points passing the fuzzy depth
test are averaged. To obtain gradients with respect to the camera model and point positions, we use
the approximate gradients method from Riickert et al. [2022]. Note that, because splatting is done at a
pixel level, we support distorted and fisheye projection models out-of-the-box.
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Due to the order of the selection test, we essentially rasterize the octree top-down, which allows efficient
use of early-z testing, discarding points if occluded from rasterized coarser octree nodes. Furthermore,
compared to unstructured point rendering [Riickert et al. 2022; Schiitz et al. 2022], we are able to load
and process data more coherently, which maps well to current GPUs.

The method centers on extensive LiDAR datasets where precise surface points are obtained, opting
for ADOP-style depth test rendering over TRIPS’ or VET’s volumetric formulation (for details, refer to
Chapters 3 and 4).

5.4.5 Neural Post Processing

We follow the established approach of using a CNN for combined hole filling and feature decod-
ing [Aliev et al. 2020], employing a network with four layers, skip connections, and average pooling.
We utilize gated convolutions [Yu et al. 2019], which consist of a standard 2D convolution paired with
a 2D masking convolution. This masking convolution is optimized to identify and disregard irrelevant
information, and as a side benefit, it can be used for point pruning (see Sec. 5.4.7). The multi-resolution
rendered feature maps are concatenated at their respective layers to match the network’s resolution.
After the neural network, a physically-based tone mapper [Riickert et al. 2022] is used to refine the
output, addressing common issues in real-world captured datasets such as exposure and white-balance
differences between images.

5.4.6 Temporal Anti-aliasing and Depth Buffer Reconstruction

Multi-resolution one-pixel point rendering in combination with convolutional neural network filtering
is prone to flickering (see Chapter 4 and Riickert et al. [2022]). To solve this, we adapt temporal anti-
aliasing (TAA) [Yang et al. 2020b] for our pipeline. Classical TAA works by reusing previous subpixel
samples from previous frames by reprojecting them to the current frame, thus effectively supersam-
pling the rendering. In our case, we want to supersample to avoid pixel samples flickering with small
movement, either due to unoccluded points or due to nonlinearities in the network causing sudden
color shifts. Thus our module’s effect more closely resembles temporal smoothing.

To do so, we reproject pixel from the previous frame using the current and previous poses and rectify
the color by clamping against the min/max color box of the 5 X 5 neighborhood of the destination.
Colors are then accumulated with an exponential moving average: C = aCpey + (1 — a)Co1g With
a=0.1.

Doing this filtering on the sparse point renderings, however, leaves pixels without valid depths. These
pixels then still flicker, as it changing pixel footprint is not caught by TAA. Using a coarsely rendered
depth map (e.g. our lowest rendered depth) does not work well, because its accuracy is too low for stably
smoothed results. To solve this, we exploit our renderer’s multi-resolution output and use hierarchical
coverage-based depth upsampling [Grossman and Dally 1998] to reconstruct an approximate (but filled)
depth buffer, which is then used for sample reprojection.
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(a) Gradient magnitude (b) Top Gradients Parent (c) Top Gradients Children (d) Total Desification

Figure 5.5: Simplified 2D representation of (a) gradient magnitudes across a scene with marked areas of (b)
where a parent node would duplicate points (black) and (c) where child nodes (red) would duplicate points
(white). (d) represents all densified areas.

5.4.7 Densification

Real-world LiDAR point clouds often exhibit properties that impact NVS quality, commonly in the form
of outliers or under-sampled regions, where LiDAR return signals were too noisy. In our renderings,
this usually results in blurriness. Therefore, we densify and prune points in nodes during optimization.
In contrast to Hahlbohm et al. [2025a] or Kerbl and Kopanas et al. [2023], this is not meant to recon-
struct entire scenes from input images only, as we assume our LiDAR capturing to be of good quality.
Similarly, using VET (see Chapter 3) is possible, however, it adds computational overhead, and would
have to be scaled or chunked to avoid running out of memory on large-scale scenes.

Our densification strategy is therefore duplicating points with two purposes: First, this finely captures
structures and edges. Second, this can increase appearance storage capacity for areas, as appearance is
decoded from neural point descriptors.

We adaptively densify octree nodes whose descriptors exhibit strong gradients, as visualized in Fig. 5.5.
Every 20 epochs, we average the absolute gradients of the descriptors g; for all channels n over t = 5
epochs and compute a densification factor y:

n

Y= (%Zlgil). (5.5)

i=1

We then split the top 5% of points with the largest y values, provided they also exceed y > ¢4, with
epsilon set to 0.1 (ablated in Sec. 5.5.4).

5.4.8 Pruning

Unlike VET (refer to Chapter 3), we use a surface-based rendering approach without blending, which
disables opacity optimization for pruning. Although it would be possible with NePO as well, rendering
doesn’t require it because our LiDAR points are surface-derived, eliminating the need for uncertainty
volume rendering.

In our rendering, if a pixel is not hit by a single point, it is filled with the background color. Gated
convolutions are trained to detect these holes and fill them using neighboring values. Outlier point
descriptors are therefore automatically optimized towards the background value to prevent them from
negatively impacting the rendering quality. Consequently, at the end of each epoch, we compute the
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descriptor distance in feature space between each point and the background and remove any points
where this distance is below a threshold ¢, = 1. This method of outlier removal is efficient as it elimi-
nates the need for explicit transparency optimization through sorted alpha blending [Kerbl et al. 2023].

5.4.9 Training

For training, we employ a combination of VGGy9 and £;-loss and train each scene for 1000 epochs,
where one epoch represents one iteration through all training images. Depending on the available
GPU memory, we keep nodes in memory as long as possible to avoid additional transfer times. In the
training stage, we also optimize tone mapping parameters to account for varying illumination. Using
the approximately differentiable render approach of ADOP [Riickert et al. 2022], we also fine tune
camera poses to improve consistency between the point cloud and the input images.

5.4.10 Implementation Details

To render large datasets with hundreds of millions of points in real-time, we implemented several
improvements on existing techniques. Firstly, we evaluate the LoD for each node in parallel, which
proved to be more efficient on GPUs compared to a top-down tree traversal. Additionally, we only
launch threads for points in active nodes. To achieve this, the point cloud is sorted with respect to the
octree structure, and after LoD selection, we compute a scan on the active nodes’ point counts. Each
thread can then calculate its node and point ID using binary search, which is faster and saves memory
compared to explicitly storing it.

5.5 Evaluation

In this section, we evaluate our method on multiple datasets and compare it against related works,
while also showcasing the effects of our design decisions.

5.5.1 Datasets

The datasets utilized in our evaluation are summarized in Tab. 5.1. MATRIXCrTY [Li et al. 2023] is a
vast synthetic dataset, portraying both aerial and driving scenarios, representing a complete cityscape
with up to 400 million points. DURLAR [Li et al. 2021] is a real-world driving dataset, featuring LiDAR-
equipped cars with poses obtained from the IMU. Orrice [Rickert et al. 2022] is a LIDAR and SLAM-
derived dataset, highlighting challenges such as pose-drifts. The BoaT dataset [Riickert et al. 2022]
offers a diverse range of close-up and wide-angle shots, where RGB images are captured with auto-
exposure, making it a valuable for testing the limits of concurrent work.

For scenes with no established train/test split, the commonly used leave-every-8th-out was used, for
all others the dataset splits were used. Training times for ours are dependent on the amount of images
used and range from 12h to 48h on a single RTX 4090.

Table 5.1: Scenes used in evaluation.

Scene ‘ #Points  #Images  Resolution
Office [Riickert et al. 2022] 73M 688 1024x1024
Boat [Riickert et al. 2022] 53M 742 1440x960
DurLAR [Li et al. 2021] 173M 800 1024x544

MatrixCity [Li et al. 2023] 100M 8543 1920x1080
MatrixCity [Li et al. 2023] 403M 45101 1920x1080
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Table 5.2: Quantitative evaluation. ”X” indicates the method was not evaluated due to lack of resources.

Office DurLAR Boat
Method LPIPS | PSNRT SSIMT Time | |LPIPS| PSNRT SSIMT Time| |LPIPS| PSNRT SSIM T Time |
3DGS 0.371 18.77 0.878 8.2ms 0.538 19.11 0.619 3.1ms 0.544 15.30 0.470 7.3ms
Hier3DGS (7=0) 0.377 19.65 0.831 20.5ms | 0.470 16.11 0.590 45.6ms X X X X
Hier3DGS (r=9) 0.382 19.74 0.836 7.8ms 0.496 16.12 0.585 4.8ms X X X X
ADOP 0.279 21.47 0.899 22.4ms X X X X 0.301 20.49 0.650 18.7ms
Ours 0.278 21.56 0877 8.6ms | 0.262 23.44 0.767 5.5ms | 0.287 20.78 0.661 10.9ms

ADOP

Out of memory

Hier3DGS

Out of memory

No reconstruction

No reconstruction

3DGS

Ours

Ground Trth

s,

Figure 5.6: Visual comparison with ADOP, Hier3DGS, and 3DGS on DurLAR, Office, and Boat.

5.5.2 Comparison

We compare on all scenes, presenting the common evaluation metrics LPIPS, PSNR, and SSIM. We

compare against the closest algorithm in terms of rendering paradigm (ADOP [Riickert et al. 2022]), as
well as the recent 3DGS [Kerbl et al. 2023] and the hierarchical large-scale variant Hier3DGS [Kerbl et al.
2024]. All these approaches have open-sourced their code and aim for real-time rendering capabilities
as us. Visual comparisons can be seen in Fig. 5.6.
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Figure 5.8: Durlar scene: COLMAP sparse reconstruction.

5.5.2.1 Real-world Scenes

Tab. 5.2 provides a quantitative evaluation of various methods on the Office, DurLAR, and Boat datasets.
In these types of datasets, our method shines as it can use all available points. The results showcase
the performance of each method in terms of visual quality and fidelity. Notably, our method achieves
competitive scores.

On the multi-room Office dataset, our octree-based approach beats ADOP as baseline, as we can utilize
the LoD scheme during training. Both Gaussian Splatting versions show difficulties with the sparseness
of capturing location, which are further apart than on common datasets.

For car-based capturing, we evaluate the DurLAR dataset, which contains a long drive (see Fig. 5.1)
with about 173M LiDAR points and over 800 images. ADOP fails due to memory limits, and 3DGS
is outperformed by our method, in particular in the LPIPS metric, as seen in Tab. 5.2 (middle). For
Hier3DGS, partially the method exhibits capturings with extremely poor quality, where parts of the
Gaussians seem not to converge correctly (see Fig. 5.7), despite the availability of an accurate COLMAP
reconstruction (see Fig. 5.8). To fairly compare, we take the 50 best images of Hier3DGS with none
of these cases present and compare separately with our method in Tab. 5.3. Hereby, our method still
shows better results.

On the Boat scene [Riickert et al. 2022], we slightly outperform ADOP and clearly outperform 3DGS.

Comparing to Hier3DGS fairly was not possible on this scene, as their integrated COLMAP-based align-
ment was not able to register more than a quarter of all available images.
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Table 5.3: Durlar scene: Best 50 images.

Method | LPIPS| PSNRT SSIM T
Hier3DGS 0.246 22.95 0.781
Ours 0.223 25.47 0.820

5.5.3 Runtime Performance Analysis

Tab. 5.4 presents a concise performance analysis of our method across different scenes, detailing the
time taken for key stages in the rendering pipeline. The table highlights variations in processing times
for octree cutting, depth processing, rendering point clouds, and U-Net refinement, with an overall

time provided for each scene. Even on these large scenes with 400M points, our approach achieves

real-time rendering performance with 18ms per frame. Point rendering itself is exceptionally fast and

is dominated by the flat, per-pixel cost of our neural filtering backend.

Table 5.4: Performance analysis on an RTX 4090.

Scene ‘ Octree Cut Depth Prepass Render Pass U-Net | Overall
Office (73M) 0.6ms 0.9ms 2.1ms 5.0ms | 8.6ms
DurLAR (173M) 1.2ms 0.6ms 1.0ms 2.7ms | 5.5ms
Matrix City (100M) 0.6ms 2.6ms 3.9ms 11.1ms | 18.2ms
Matrix City (403M) 1.3ms 2.8ms 3.4ms 11.1ms | 18.6ms
Boat (53M) 0.5ms 1.0ms 2.4ms 6.6ms | 10.5ms

5.5.4 Ablations

In the following, we present experiments to evaluate the modules of our method.

5.5.4.1 Multi-Resolution Rendering

Tab. 5.5 illustrates the results of employing different discard strategies. Higher values of u indicate more
aggressive discard strategies, while lower values preserve more detail. From the results, we observe

that setting u = 4 yields a good balance between quality metrics and computational efficiency and is
also more robust on datasets with less dense point clouds. Stochastic discarding [Riickert et al. 2022]

achieves similar rendering quality; however, rendering time is significantly increased.

Table 5.5: Lower level discard from Equ. 5.4.

LPIPS | PSNRT SSIMT | Times |
No Discard 0.280 21.50 0.875 12.4ms
stoch. discard | 0.278 21.52 0.878 | 11.0ms
u=2 0.280 21.58 0.877 10.6ms
u=3 0.280 21.55 0.877 10.1ms
u=4 0.278 21.56 0.877 9.4ms
u=38 0.280 21.64 0.877 9.2ms
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5.5.4.2 Number of Points

Across point cloud sizes ranging from 1 million to 100 million points, our method exhibited varying
quality. As seen in Tab. 5.6, on the synthetic matrix city dataset, we downsample the depth-fusion
algorithm to create smaller point clouds. Our method has diminished quality when point densities are
too low.

Table 5.6: Number of points and quality with the matrix city dataset.
#Points | LPIPS | PSNR SSIM 1 | Times

1M 0.486 21.09 0.572 | 12.4ms
10M 0.352 24.55 0.710 | 13.4ms
20M 0.320 25.26 0.740 | 14.1ms
50M 0.290 25.96 0.772 | 16.4ms

100M 0.266 26.51 0.797 | 18.2ms

5.5.4.3 Level of Detail Cutoff

We use a LoD cutoff § to cull nodes of a specific size on screen. As seen in Tab. 5.7, this cutoff reduces
rendering times without impacting quality. This underlines the strength of our hierarchical structure.

Table 5.7: Ablation study: LoD cutoff § from Equ. 5.3.
| LPIPS| PSNRT SSIM T Times
1000 | 0.280 21.58 0.876  8.6ms
2000 | 0.281 21.57 0.877 8.3ms
4000 | 0.280 21.62 0.877 7.7ms
8000 | 0.281 21.63 0.877 7.2ms

5.5.4.4 Densification Factor

Our densification module is able to cheaply add points where descriptor resolution is too low. We
ablate the different impact of the densification factor y in Tab. 5.8. In general, we gain a small amount
of quality on this LiDAR dataset with this method. We note however, that densification towards full
scene reconstruction (as with Kerbl and Kopanas et al. [2023]) is not possible with this method.

Table 5.8: Ablation study: Densification factor y from Equ. 5.5.
| LPIPS| PSNRT SSIMT Added Points Added Times

0.0001 0.276 21.40 0.876 +86.3M +2.0ms
0.001 0.277 21.38 0.876 +86.2M +2.0ms
0.01 0.276 21.42 0.877 +44.7M +1.1ms

0.1 0.276 21.57 0.877 +0.3M +0.0ms
no densify | 0.278 2156 0877 -

5.5.4.5 Pruning Threshold
As we assume our input point cloud to be of good quality, our cheap pruning strategy (Seq. 5.4.8)

discards points with feature vectors close to the background. As seen in Tab. 5.9, this is effective at
removing small outliers and increases quality slightly. We choose € = 1 as our threshold.
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Table 5.9: Ablation study: Pruning threshold €.
| LPIPS | PSNRT SSIM 1
0.1| 0.266 21.64 0.878
0.2 | 0.269 21.56 0.877
0.5 0.270 21.58 0.877
1.0 | 0.266 21.69 0.877

5.5.5 Large Scene Rendering

Rendering very large scenes is usually prohibitively expensive. For our approach, however, we show-
case this capability with the full Matrix City dataset, containing over 45000 images and over 400M
points. Our approach is able to render this gigantic scene efficiently at more than 50 fps. This setup of
the scene was optimized for 50 epochs and took about 2 days.

5.6 Limitations

Although our method demonstrates effectiveness in handling large-scale datasets and producing high-
quality results, it also exhibits limitations. Scalability remains a concern, particularly when dealing
with extremely dense or complex scenes due to hard drive space constraints.

Additionally, the method’s rendering speed may vary depending on resolution requirements, posing
challenges for generalization. Furthermore, fast viewpoint changes, i.e., teleportation, lead to spikes in
render times, as many nodes need to be loaded into memory.

Training times are also significant, especially for large datasets, requiring substantial computational

resources. Furthermore, this method requires dense point clouds as input; if these cannot be provided
(as can happen with MVS methods; see Fig. 5.9), tailored densification strategies such as VET (see
Chapter 3) have to be included.

Switch-NeRF Mega-NeRF Ours Ground Truth

Figure 5.9: Visual comparison with Switch-NeRF and Mega-NeRF on the Rubble scene.
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CHAPTER 5 NePO: Neural Point Octrees for Large-scale Novel View Synthesis

5.7 Conclusion

In summary, this chapter presents a robust and efficient method for neural rendering of large-scale point
clouds. By leveraging neural point octrees we achieve high-quality results across diverse datasets. The
approach addresses challenges in rendering massive datasets and offers real-time capabilities through
optimizations such as parallel LoD evaluation and adaptive thread launching.

This chapter introduced NePO for depth-testing neural point rendering, which can also be expanded to
volumetric rendering using TRIPS (Chapter 4) or VET (Chapter 3). However, for VR rendering, further
rendering performance increases are necessary, as will be discussed in the next chapter.
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CHAPTER 6

VR-Splatting: Foveated Radiance Field Rendering via 3D
Gaussian Splatting and Neural Points

This chapter is based on the publication Franke et al. [2025]. The author of this thesis contributed the
algorithmic idea and its implementation. Furthermore, he evaluated the proposed method and wrote
the original draft of the paper. Laura Fink contributed to the visualizations, helped with user study
methodology, and the supplemental video. Marc Stamminger supervised, administered, and helped
conceptualize the project as well as provided critical feedback in all stages. All co-authors contributed
review and editing during writing.

6.1 Introduction

For true immersive experiences, displaying real-world captured scenes on VR-headsets is the ultimate
goal. However, state-of-the-art VR headsets exhibit high-resolution and high-refresh-rate displays,
which place high and strict performance demands on rendering algorithms.

In light of this, in this chapter, we propose a method that allows interactive virtual scene exploration by
exploiting the visual acuity falloff in the periphery through foveated rendering. Most foveated rendering
algorithms render the foveal region as sharp and crisp as possible while trying to cut computational
costs in the periphery by, e.g., lowering the resolution [Guenter et al. 2012] or the number of rays
traced [Weier et al. 2016]. However, the application of such techniques is not trivial as they cause
side effects such as temporal instability or flickering, which the peripheral vision is highly sensitive
to [Weier et al. 2017].

As mentioned previously, 3DGS emerged as a volumetric scene representation and its volumetric nature
inherently produces smooth renderings, and it lacks aliasing due to alpha blending of the primitives as
well as low-pass filtering before rasterization. However, to achieve pleasing results with crisp details,

Figure 6.1: VR-Splatting combines advantages of neural point rendering (see Chapter 4) and 3DGS [Kerbl et al.
2023] within a hybrid foveated radiance field rendering system for VR. In contrast to 3DGS and a VR-ready
variant, which only uses 0.5 Mio. primitives (see Fig. 6.2), our method provides high fidelity in the foveal region
and meets the 90 Hz VR framerate requirements at 2016 X 2240 pixels per eye.
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CHAPTER 6 VR-Splatting: Foveated Radiance Field Rendering

the required number of Gaussian primitives pushes the framerates below acceptable levels for VR, as
shown in Figs. 6.1 and 6.2 (a). On the other hand, neural point rendering-based methods, like TRIPS
(see Chapter 4), promise sharper results for the same time budgets. Both it and 3DGS use a Lagrangian
scene representation, but model the splat sizes in different ways: 3DGS models splat size in Euclidian
space via variance parameters, while the size of neural points is interpreted in pixel space using a neural
network.

This causes the rendering performance to scale differently. 3DGS requires tiling and sorting of all
primitives, and as such the rendering speed of 3DGS is reduced with an increasing number of primitives.
In contrast, neural point rendering methods rasterize millions of primitives fast but are highly sensitive
to resolution increases due to the CNN used for screen space filtering. Fig. 6.2 illustrates this behavior.
Unfortunately, both methods do not meet the VR framerate requirements when used with full resolution
and their default number of primitives.

In this juxtaposition, we identify a sweet spot matching foveated rendering: for the fovea, neural point
rendering is able to cheaply render high-detailed, crisp small image crops. In particular, TRIPS has
shown to be able to render fine details accurately (as seen in Fig. 6.3), which is advantageous for per-
ceived quality given the magnification effects of current VR headset lenses. Regarding the periphery,
3DGS even with reduced number of primitives perfectly aligns with the demands of peripheral vision
for high coherence and low flickering, as it renders a smooth but low detailed image that is temporally
stable.

Instead of a purely 3DGS-based method, which reduces the number of primitives in the periphery, we
opt for a hybrid approach that marries the individual advantages of the chosen methods regarding the
reconstruction of the fovea and periphery. In this chapter, we thus introduce a hybrid system, which
also allows us to further accelerate the system through synergies.

Given a VR headset with integrated eye tracking, our method first renders a low-detailed Gaussian
rendering for both eyes for the full field of view. Here, we find that pixel-correct sorting [Radl et al.

Gaussian Splatting TRIPS
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(a) GS: number of Gaussians compared to render time (b) TRIPS: resolution compared to render time, with
in full VR resolution, with PSNR in db number of primitives

Figure 6.2: Rendering efficiency of 3DGS [Kerbl et al. 2023] and TRIPS (see Chapter 4). Left: Gaussian Splatting
performance decreases drastically with increased number of primitives. To fit within VR limits, Gaussian counts
need to be kept low, impacting quality. Right: In contrast, TRIPS performance scales mainly with resolution,
allowing efficient rendering of high quality small crops.
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3DGS TRIPS Ground Truth 3DGS TRIPS Ground Truth

Figure 6.3: Equal render time comparison for components of our method. Fovea-sized crops highlighted. For
fine details, TRIPS often shows crisper results.

2024] is vital for smooth rendering. Using an occlusion estimation from this rendering together with
querying the eye tracker, we cull the neural point cloud and rasterize it into an image pyramid for the
foveal regions pixel footprint. This pyramid, together with the cropped Gaussian rendering, is then
resolved with a small CNN, allowing the network to focus on adding fine detail in the foveal area only.
The results of both renderings are then combined and sent to the VR headset.

This novel Gaussian and neural point representation is optimized from captured input images end-to-
end, allowing virtual walk-throughs through real-world environments.

We contribute:

+ A high-fidelity, 90 Hz capable technique using foveated radiance fields rendering for first-person
VR rendering.

+ The combination of neural point rendering and Gaussian rendering techniques for crisp foveal
and smooth peripheral rendering.

+ An evaluation of our foveated rendering method, including a user study showing its effectiveness.
An open source implementation is available under:
https://github.com/1franke/vr_splatting
The project page including videos is available under:

https://1franke.github.io/vr_splatting

6.2 Foveated and Virtual Reality Rendering

Exploiting the limitations of the human visual system (HVS) is a well established approach to relax
rendering constraints and reduce computational demands [Wang et al. 2023a; Weier et al. 2017].
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The Human Visual System. A key characteristic of human vision is the decrease in visual acuity
in our peripheral vision, which foveated rendering techniques leverage. Weier et al. [2017] provide a
comprehensive overview of the HVS and its exploitable limitations.

For designing rendering algorithms, the retina’s physiology is crucial. The retina contains cones and
rods that respond to light stimuli. The cones, mainly concentrated in the fovea (less than 10° of the
visual field), are responsible for sharp, color vision [Goldstein and Brockmole 2016]. Rods, on the
contrary, are motion sensitive and less color sensitive, dominating the peripheral retina with the highest
concentration around 17° from the gaze direction [Curcio et al. 1990]. This distribution allows the
human visual system to be modeled with a foveal region (fovea) for sharp vision and a peripheral
region (periphery) sensitive primarily to brightness and motion. Exploiting this model to accelerate the
rendering is called foveated rendering. Sometimes, it is assumed that the users gaze is always centered on
the image, then called fixed foveated rendering. However, this assumption has failure cases and usually
requires the foveal region to extend much larger than with eye-tracked methods. In this work, we
employ eye tracking, as this allows us to keep the foveal region small and achieve better performance.

Foveated Synthetic Rendering. The concept of foveated rendering has been extensively investi-
gated in the context of synthetic, artist-created scene rendering [Jabbireddy et al. 2022; Wang et al.
2023a]. Guenter et al. [2012] proposed generating three images per frame with full resolution in the
fovea and progressively lower resolution in the periphery, blending them using bilinear upsampling.
Nevertheless, this requires robust anti-aliasing to mitigate flickering, which can be reduced by decou-
pling visibility detection from shading [Patney et al. 2016].

Adaptive sampling in foveated ray tracing [Koskela et al. 2016] also reduces the computational load by
focusing more samples on the fovea and fewer on the periphery [Friston et al. 2019; Stengel et al. 2016;
Sun et al. 2017; Weier et al. 2016]. Stengel et al. [2016] use saliency maps to allocate samples effectively,
while Weier et al. [2016] employ a reprojection scheme to accelerate ray tracing by resampling only
visually important areas in the periphery, an idea also transferred to rasterization [Franke et al. 2021].
Other techniques include log-polar mappings for cost reduction [Meng et al. 2020b, 2018], contrast-
aware foveation for ray tracing and rasterization [Tursun et al. 2019] and deep foveated reconstruction
trained with video [Kaplanyan et al. 2019] or neural super resolution techniques [Ye et al. 2024b].

Further supporting research has explored methods to reduce perceptual artifacts. For example, adding
depth of field [Weier et al. 2018], developing perceptual image metrics [Mantiuk et al. 2022, 2021; Swaf-
ford etal. 2016], exploring saliency [Sitzmann et al. 2018], exploiting eye domination [Meng et al. 2020a],
hardware solutions [Kim et al. 2019] and examining peripheral acuity [Hoffman et al. 2018] have all
proven promising. Eye-tracking latency requirements [Albert et al. 2017] suggest that a maximum la-
tency of 50-70 ms is acceptable to avoid noticing artifacts, particularly during rapid eye movements
(saccades).

Radiance Field Rendering. Radiance field rendering methods for VR are sparse, especially due to
rendering budget constraints exceeding common methods.

In the domain of NeRFs, FoV-NeRF [Deng et al. 2022] introduces an egocentric NeRF variant with
adapted sampling schemes for foveated rendering using multiple MLPs. Shi et al. [2024] extend this
with a scene-aware formulation, whereby they improve the expressiveness for detailed areas. Wang
et al. [2024] further augment this field with a voxel-based representation including a visual sensitivity
model. These three approaches inherit the challenging inference performance characteristics of NeRFs,
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as framerates stays below 90 Hz. Similarly, hash grid NeRF-based super-resolution techniques [Li et al.
2022] and variable rate shading approaches [Rolff et al. 2023a,b] achieve impressive results, but still fall
short of the high framerate and resolution requirements of VR rendering. Consequently, Xu et al. [2023]
introduce a multi-gpu rendering scheme, allowing 36 fps when using three A40 GPUs. Additionally,
they rely on a space-carving scheme to lower ray-marching costs. Following, Turki et al. [2024] extend
this with a hybrid representation reducing rendering costs for surfaces and only using full ray-marching
for challenging regions.

Point-based methods also struggle with VR capabilities. Neural point-based methods such as
ADOP [Riickert et al. 2022] enable VR rendering, however, only for low-resolution output. Likewise,
the recently published official SIBR [Bonopera et al. 2020]-based VR implementation, as well as Gaus-
sian Splatting extensions for Unity and Unreal, fail to render high-resolution details due to the amount
of Gaussians required. Although some methods focus on VR applications [Jiang et al. 2024], they do
not prioritize rendering efficiency.

6.3 Method

As input, we use a set of real-world images captured using, e.g., a smartphone or DSLR camera. For
our method, we use SEM/MVS to obtain camera intrinsics, poses, and point clouds. We first present and
evaluate the method core (Sec. 6.3.1), motivating the refinements with more sophisticated peripheral
rendering (Sec. 6.3.2), accelerated foveal rendering (Sec. 6.3.3), and a fovea and edge-based combination
function (Sec. 6.3.4). Our pipeline is optimized end-to-end from the input images, camera parameters,
and point clouds (Sec. 6.3.5).

6.3.1 Pilot Study

The core idea is a deftly blend of Gaussian splats and neural points for foveated rendering. Similar to
Patney et al. [2016] using a perceptual sandbox, we first implemented a simplistic form of this combi-
nation and evaluated it with a pilot study, in order to evaluate the potential of the idea and to identify
problems that require further refinement. First, we present and discuss the findings of this first naive
baseline. Subsequently, we continue with the description of our final system, including a number of
improvements, which we developed based on the study findings.

Naive Method. To render a view, we render the point cloud in a foveated fashion, using fixation
point information obtained from the VR headset’s eye tracker.

For the periphery, we employ 3DGS [Kerbl et al. 2023]. Each splat has an opacity « and a color C. Their
3D orientation and scaling are parameterized per point via a covariance matrix >. These primitives are
projected and blended to screen, resulting in a full-resolution image P. For the study, the splats were
initialized from SfM and densified carefully during training to ensure low rendering cost, resulting in
0.4 million primitives.

For the foveal region, we employ TRIPS (see Chapter 4) initialized with a dense point cloud estimated
by MVS. Each point has contribution size s and a compressed neural feature 7. The features essentially
represent colors; however, their higher dimensionality allows encoding additional information. The
points are projected and blended into a multi-resolution image pyramid, based on the projected size s
(see Chapter 4) and then combined by a small CNN, resulting in a fovea-sized image F. For the pilot
study, P and F were combined using a smooth blending function and the fovea size was set to 17°.
The parameters of Gaussians, neural points and CNN are optimized end-to-end with gradient descent
from the input images with their respective proposed optimization functions.
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Figure 6.4: Gaussians in 3DGS “popping” in and out during small camera rotations, resulting in black spots
suddenly appearing and disappearing. Popping is especially noticeable in VR, as revealed in our pilot study.

Pilot Study. We asked four computer graphics experts (aged 23-28, 1 female, 3 male) with VR experi-
ence for their observations and rankings on a VR-ready 3DGS version with 0.5M primitives (denoted as
VRGS) and contrasted it with our naive baseline on the popular GARDEN scene from the MipNeRF-360
dataset [Barron et al. 2022].

The participants were asked to state their most important visual observations. Consistent for both stim-
uli, participants noticed distracting “popping” artifacts, caused by inaccurate depth sorting in 3DGS,
as noted by Radl and Steiner et al. [Radl et al. 2024]. An example is shown in Fig. 6.4. The effect is
amplified by the magnification of the VR headset’s lenses and the reduced number of primitives.

Regarding VRGS, participants noted blurred splotches due to underreconstruction with the reduced
number of Gaussians [Ye et al. 2024a]. More blurriness was also observed compared to the foveated
method, which coincides with observations from previous works [Hahlbohm et al. 2025a].

For our foveated method, the quality of the visual experience was rated slightly lower compared to
VRGS. Although some mentioned increased detail richness, the experience was overshadowed by ar-
tifacts. Several things were mentioned: mismatching color palettes as the VGG-loss used by TRIPS
(see Chapter 4) is known to not force color fidelity [Zuo and Deng 2023]. Furthermore, the suboptimal
response of eye tracking due to delays and blinking was criticized. Lastly, noise and temporal jittering
was mentioned, also noted in related work [Aliev et al. 2020; Riickert et al. 2022].

The study confirmed that the performance cuts of the VR-ready version of Gaussian Splatting lead to
apparent artifacts due to underreconstruction. Although the experience of the naive foveated imple-
mentation was lacking for users, it was rated at a similar quality level. However, the experts’ critique
showed that combining peripheral and foveal regions from two different representations is non-trivial.

Based on these findings, we identify three improvements: smoother Gaussian reconstruction for pe-
ripheral regions without popping artifacts (Sec. 6.3.2), fast foveal reconstruction with well-integrated
eye tracking (Sec. 6.3.3), and a coherent mixture of the models including a matching color palette and
subtle blending of high-frequency detail (Secs. 6.3.4 and 6.3.5). Our resulting pipeline can be seen in
Fig. 6.5.

6.3.2 Peripheral Rendering

We identify three key properties which are required for our Gaussian-based peripheral reconstruction:
(1) high rendering performance, (2) little-to-no popping artifacts, and (3) little underreconstruction.
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Figure 6.5: Our Pipeline. A smooth color image and approximate depth map are rendered from a limited set of
3D Gaussians with a temporally stable sorting active (see Section 6.3.2). Afterwards the eye tracking system is
queried to construct a subfrustum via an adapted projection matrix covering only the foveal region. We project
a separate neural point cloud with the adapted matrix. Points occluded by the denser Gaussian splats, are culled
against the approximate depth maps and the result is processed by a small CNN (see Section 6.3.3). Eventually,
we blend the peripheral color output and the foveal region using an egde-aware mask (see Section 6.3.4).

Usually, these three are conflicting goals meaning an acceptable solution for all three needs to be de-
signed carefully.

Regarding (2), we adapt the sorting scheme of Radl and Steiner et al. [2024], which eliminates pop-
ping by hierarchically sorting Gaussian contributions per pixel (instead of per primitive) at the cost of
increased processing time per Gaussian. Furthermore, by employing a more finely detailed Gaussian
densification heuristic [Kerbl et al. 2024; Ye et al. 2024a], we reduce the severance of (3).

This Gaussian renderer is temporally stable also with regards to popping and without underreconstruc-
tion artifacts which are noticeable in the periphery. An example rendering can be seen in Fig. 6.6 (a).
Regarding performance, we need to drastically reduce the number of Gaussians (as seen in Tab. 6.2),
which we achieve by limiting the densification during training.

Note that we do not mask out the foveal region in this step and instead generate a full image. Further-
more, we generate an approximate depth buffer [Radl et al. 2024] by accumulating per-pixel depths d

with -
d=>" dia | (1= am). (6.1)
i=1 m=1

While this depth buffer is not needed for the peripheral rendering, it is used to cull occluded points in
the following foveal point rendering step.

6.3.3 Foveal Rendering

In our context of foveated rendering, we improve TRIPS (see Chapter 4) significantly by using infor-
mation gained with the previous (full screen) Gaussian rendering results.

Firstly, we only render a subfrustum of the entire scene and discard points outside this frustum as early
as possible. This subfrustum is constructed around the fixation point, which is queried from the eye
tracker after the periphery has been rendered. Additionally, we use the approximate depth buffer ren-
dered (Eq. 6.1) from the Gaussians to discard occluded points. This occlusion culling reduces rendering
times, accelerates convergence, and eliminates point render flickering, as this simplifies visibility and
blending computations.
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Furthermore, we inject the fovea crop of the less detailed Gaussian rendering into the CNN. Thus,
the network is only tasked with augmenting fine details, instead of balancing hole filling and crisp
reconstruction as in TRIPS. As a side product, this severely reduces training cost.

These optimizations allow us to halve the number of filters for the full-resolution CNN layer to further
accelerate our pipeline. Full-resolution convolutions are originally the most expensive part of the TRIPS
network evaluation, taking up more than 70% of the network inference time.

6.3.4 Combination

Our renderer outputs two images P (peripheral) and F (foveal). It is important to carefully combine both
images, as the visual acuity falloff of the human eye is gradual. Therefore, we introduce a combination
factor c that includes the two terms f,, (positional) and f, (edge-based) for each pixel (u,v):

1
Tnorm = clamp (— (u—ex)2+ (v—rey)>%0, 1) (6.2)
7V y
Thorm — M
=0 9

with ey, , being the pixel position of the fixated point, dr the fovea radius in pixels and m the start of the
normalized blending interval between 0 and 1. We empirically use m = 0.75. We use dy to 256 pixels
(see Sec. 6.4), which is larger than the fovea’s 7% eccentricity, however necessary due to inaccuracies
of the eye-tracker.

The second factor is the edge factor f;, based on the Sobel edge filter S of the point image F:
fe =S(F,u,0). (6.4)

fe is inspired by Franke et al. [2021], who force color discontinuities in the transition between the fovea
and the periphery to be gradual to avoid fast color changes.

Finally, the interpolation factor per pixel c is computed as

c=1=S(fp+y*fe) (6.5)

using y = 0.2 and with S, the smootherstep function S,(x) = 6x° — 15x* + 10x> for a smooth transition
and well defined derivations suited for end-to-end training and smooth blending. The combined image
is then computed for each pixel with (1 — ¢)p + c¢f with p and f the individual pixels of P and F.

To account for variance in image exposures, we then follow ADOP [Rickert et al. 2022] and use a
differentiable camera model to tone-map the resulting images to a displayable LDR space.

6.3.5 Losses and Optimization

We optimize our pipeline end-to-end. For every iteration, we randomly sample a fixation point and
evaluate the pipeline to arrive at a foveated image. We compare this image to the ground truth and
optimize via gradient descent using our loss function £:

L=1-1)L+ALp sstm + pLvce(F) + PR (6.6)

74



6.4 Implementation and Optimization Details

(a) Gaussian rendering P (b) Combination (c) Our result combining
blending map Pand F

Figure 6.6: Our combination mask (b) in effect (zoomed in). It is used to adaptively merge Gaussian output
with neural point rendering.

The first two terms are identical to 3DGS [Kerbl et al. 2023] with A = 0.2. We further augment this with
the VGG19-loss [Ledig et al. 2017] for neural point rendering with g = 0.001. VGG-loss has proven to
work well for neural point rendering; however, for Gaussian Splatting, it increases convergence time
and causes artifacts with densification. Therefore we only apply it to neural point renderings. Lastly,
we introduce a regularizer R:

R =|F - F(P)|, 6.7)

with the foveal cropping function . This ensures that the mean of F and the part of P with pixels
inside the fovea are similar. This regularizer is vital to reduce the color shift, which optimizing with
VGG loss otherwise induces. We empirically found f = 0.00001 to work well. Although a slight shift is
still present, it isn’t perceived by users.

We apply an opacity penalty to the opacities of both Gaussians [Radl et al. 2024] and neural points (see
Section 3.4.3), which causes optimization to discard obsolete primitives.

6.4 Implementation and Optimization Details

We implemented our method in C++ and CUDA, using torch as the automatic gradient framework and
followed the framework of Patas [2023] for a Gaussian Splatting implementation and Radl and Steiner
et al’s sorting algorithm [Radl et al. 2024].

Training. For training, we optimize Gaussians for 30000 iterations (as in 3DGS [Kerbl et al. 2023])
and neural points for 30000 additional iterations with fixed Gaussian parameters. For the first 2000
iterations, both systems are trained independently to avoid the faster converging Gaussians to interfere
with neural point optimization. Afterwards, gradients from the foveal rendering are also propagated
back to Gaussian parameters except for VGG-loss computations. Sampling a random eye position every
iteration maps well to cropped training usually employed with CNNs. After 45000 iterations, we start
regularizing the training with R.

For densification, we lower the thresholds compared to 3DGS and use 0.0002 as densification gradient
threshold, 200 as densification interval, 0.005 as opacity pruning threshold, and 0.999 as opacity decay
every 50 epochs [Radl et al. 2024]. For the scenes we tested, this results in 0.3M to 0.5M Gaussians.
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For neural points, we impose an opacity gradient penalty of 107 every update step (see Section 3.4.3),
usually resulting in about 5M points.

We uniformly sample fixation points over the image, which is similar to TRIPS using a cropped training
regime. The increased iterations hereby also ensure all parts of the scene to receive coverage during
training,.

Inference. For inference, we adjusted several aspects to VR rendering. We target the HTC Vive
Pro Eye, having an eye-tracker capable of updating rates of 120 Hz. We bake all rendering attributes
directly into the point cloud, such as opacities, features, and covariances to minimize runtime costs.
Furthermore, we delay eye tracking updates until after rendering P, drastically reducing lag. Also,
compute and evaluate all renderings in half-precision and evaluate the network with images for both
eyes batched together using cuDNN for acceleration.

For neural point rendering, rendering only the foveal regions allows for algorithmic optimizations with
respect to performance: TRIPS originally renders up to eight progressively lower layers individually,
first by counting the pixel contributors, then scanning and allocating a buffer for splatting. These steps
introduces overhead, which we reduce by combining all layer computations, speeding up the compu-
tations by about 2 ms. This requires about four times the GPU memory of the original implementation;
however, this is negligible as rendering is limited to the foveal region.

Fovea Size in Pixels. The effective fovea size in pixels required for our formulation necessitates
the estimation of pixels per degree of the field of view. This is complicated by the use of distortion
lenses [Kreylos 2018] and is rarely accurately reported by headset manufacturers. We follow Kreylos’
upper limit estimate of 15.7 pixels per degree [Kreylos 2019] for the headsets display system, which
worked well in our tests.

Related works use fovea sizes between 7.5° and 17° [Franke et al. 2021; Patney et al. 2016; Weier et al.
2016]. Using the latter as the upper limit and the driver-initiated resolution scale of 1.4X, we arrive
at a fovea size of around 400 pixels, which we round to 512 pixels (thus dy = 256) for implementation
reasons and to combat eye-tracking inaccuracies.

6.5 Evaluation

We evaluate our method on real-world captured scenes; we use the popular MipNeRF-360 dataset [Bar-
ron et al. 2022] as well as the INTERMEDIATE set from Tanks&Temples [Knapitsch et al. 2017].

6.5.1 Rendering Performance

We compare our methods rendering performance with the established NeRF-based approaches FoV-
Nerf [Deng et al. 2022], Scene-aware Foveated Neural Radiance Fields [Shi et al. 2024] (SA Fov-Nerf),
VR-NeRF [Xu et al. 2023] and HybridNeRF [Turki et al. 2024]. Furthermore, we include the differentiable
point rendering techniques TRIPS (see Chapter 4) and 3DGS [Kerbl et al. 2023] on which our method
is built.

In Tab. 6.1 we present the results of this overview, measured on a single RTX 4090, with metrics reported
by related works [Shi et al. 2024; Turki et al. 2024]. Our performance calculations were performed by
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rendering in full VR resolution, with the drive- recommended 2016 x 2240 pixels per eye. Our method is
the only that surpasses the VR framerate limit of 11.1ms per frame, with speedups of more than 1.45%
compared to the fastest related approach “SA Fov-Nerf”, who report their timing only for resolutions
of 2.44 megapixel compared to our 4.52 megapixel.

Table 6.1: Comparison of reported rendering times of related VR-capable radiance field methods on a single
RTX 4090. Timing T from Shi et al. [2024] and ¥ from Turki et al. [2024].

Fov-NeRF SA Fov-NeRF VR-NeRF HybridNeRF TRIPS 3DGS Ours
‘ [Deng et al. 2022] [Shi et al. 2024] [Xu et al. 2023] [Turki et al. 2024] (Chapter 4) [Kerbl et al. 2023]
Resolution 1440 X 1700 1440 X 1700 2064 X 2096 2064 X 2096 2016 X 2240 2016 x 2240 2016 x 2240
Render times 23.5ms ' 16.1ms 165.3 ms ¥ 21.8 ms ¥ 33.1 ms 23.1 ms 10.9 ms

For further evaluation, we also compare to a reduced Gaussian Splatting variant with VR-ready per-
formance using 0.5M primitives (see Fig. 6.2). We call this variant VRGS, which renders slightly faster
than our method (as seen in Tab. 6.2).

For training speed, we improve drastically on TRIPS (see Tab. 6.2, right), however, both Gaussian Splat-
ting variants converge faster as no neural network optimization is required.

6.5.2 Quantitative Evaluation

To quantitatively evaluate our method, we compare our method with the mentioned VRGS, our inter-
pretation of a VR-ready version of 3DGS. Furthermore, we compare against 3DGS [Kerbl et al. 2023]
and TRIPS (see Chapter 4) as qualitative baselines and closest to our method even though they are not
fast enough for VR.

We compare using the common quality metrics LPIPSygg [Zhang et al. 2018], PSNR and SSIM. For these
metrics, we only evaluate the foveal region and omit the periphery.

The results are seen in Tab. 6.2, averaged per dataset. Our experiments show that our method is prefer-
able in the LPIPS metric, which is more perceptually close to the human visual system [Zhang et al.
2018; Zuo and Deng 2023], while being close in the other metrics. Importantly, our method is not
subject to popping.

For computing JOD (Just-Objectionable-Difference), we use FovVideoVDP [Mantiuk et al. 2021], which
is a perceptional metric that includes terms for contrast sensitivity and peripheral vision. This method
is designed and capable of metrically evaluating foveated rendering and scoring it in JOD between 0
and 10, the higher the better. We use it with the preset for the HTC Vive Pro (having the same display
system we use) in the setup: "FovVideoVDP v1.2.0, 13.15 [pix/deg], Lpeak=133.3, Lblack=0.1 [cd/m"2],
foveated”. The metric is computed including peripheral regions. As also seen in Tab. 6.2, our method
consistently outperforms VRGS in this metric.

On the project page, renderings of our method can be seen during use with a VR headset.

Table 6.2: Quantitative metrics. JOD (Just-Objectionable-Difference) [Mantiuk et al. 2021] is computed with
FovVideoVDP for an HTC Vive Pro in foveated mode for the full images. LPIPS, PSNR, and SSIM metrics are
evaluated for the foveal regions only.

MipNeRF-360 Tanks&Temples
Target System Method | No Popping | Performance | JODT LPIPS| PSNRT SSIMT | JODT LPIPS| PSNRT SSIMT | Training
Desktop 3DGS X 23.1ms 7.90 0.247 27.01 0.804 | 8.24 0.198 27.15 0.874 0.5h
TRIPS v 33.1ms 8.06 0.222 25.19 0.761 8.15 0.184 24.70 0.835 2.5h
VR VRGS X 10.4 ms 7.74 0.286 26.45 0.765 8.11 0.211 26.73 0.854 0.4h
Ours v 10.9ms 8.02 0.237 26.03 0.755 8.16 0.196 25.97 0.815 1.4h
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Figure 6.7: Example renderings of the PLAYGROUND, FAMILY (upper row), BONsAI, and BICYCLE (lower row) scenes
used in the user study.

6.5.3 User Study

To further evaluate our method against the VR-ready Gaussian Splatting VRGS, we conducted a user
study. In our study design, we follow Deng et al’s foveated radiance field user study design and evalu-
ation [Deng et al. 2022]. The experiments were approved by an institutional ethical review board.

Stimuli. Each stimulus set comprised VR-ready stereo rendering using both our method and VRGS.
The resolution of each image was 2016 X 2240 pixels per eye, and seated free exploration was possible.
We used scenes GARDEN, BICYCLE and BONSAI from the MipNeRF-360 dataset [Barron et al. 2022] as well
as scenes FAMILY and PLAYGROUND from the Tanks&Temples dataset [Knapitsch et al. 2017]. Example
renderings are presented in Fig. 6.7 and in the teaser (Fig. 6.1).

Setup. FEach participant was seated and equipped with an eye-tracked HTC Vive Pro Eye headset to
view stimuli throughout the experiment. The eye tracker was calibrated for each participant with the
default calibration kit. The users had a keyboard in front of them to switch rendering modes at will as
well as to confirm the choices. Participants could switch the rendering mode by pressing the spacebar
and confirm their choice with the enter button. In total, twelve users (aged 22 to 30, 4 female, 8 male)
participated in the experiment.

Task. The task followed a two alternative forced choice (2AFC) design. Each trial presented a pair of
stimuli generated by our method and VRGS, with the order of viewpoints and the first mode displayed
being randomized. A mandatory 0.5 second break [Guenter et al. 2012], displaying a gray screen, was
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Figure 6.8: Results of our user study per participant, with the majority prefering our method.

introduced between conditions to reset visual perception, with the same applied between different

scenes.

Each participant completed 20 trials throughout the experiment. Before the experiment, the partici-
pants were briefed and the device was calibrated. During the study, participants were allowed to take
as long as needed to complete each test. The participants were unaware of the experimental hypothesis.

Results. Participants in total made 240 decisions, their percentage distributions are shown in Fig. 6.8.
We observe a significantly higher ratio of participant who preferring ours to VRGS (~ 76% preferred
ours, SD = 0.196). Binomial tests showed significance of this with p < 0.005.

In the GARDEN scene, our method was preferred overwhelmingly with over 90%, as our method is able
to showcase crisp details accurately (as seen in Fig. 6.1). The PLAYGROUND scene revealed the lowest
preference for our method with 67%, as here the initial viewpoint was further away, making details
easier to miss for the participants.

Discussion. The high preference ratio for our method confirms the effectiveness of our method. This
is underlined by the comments made by the participants, which highlighted the higher perceived quality
and sharpness of our renderings.

6.5.4 Ablation Studies
6.5.4.1 Performance Ablation

We ablate our rendering performance in Tab. 6.3, with individual features turned off. Rendering time
is evenly split between foveal and peripheral reconstruction (upper part), with peripheral rendering
taking 4.9 ms on average.

The enhancements mentioned in Section 6.3 all improve performance in a measurable way (middle
part). Opacity penalty for example increases render times by 2.5 ms, while depth culling slightly lowers
peripheral render times at the cost of not culling neural points.

Our introduced quality enhancing features (lower parts) have performance impacts, especially the hier-
archical sorting approach to fix popping [Radl et al. 2024]. However, as described in Sec. 6.3.1, it proved
important to perceptual quality.
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Periphery GS Fovea Points CNN Combine Tonemapping | Combined
Ours 4.9 ms 3.5 ms 1.6ms 0.5ms 0.4 ms 10.9 ms
w/o depth 4.8 ms 4.0 ms 1.6ms 0.5ms 0.4 ms +0.4 ms
w/o smaller neural net 4.9 ms 3.5 ms 19ms 0.5ms 0.4 ms +0.3 ms
w/o opacity penalty 7.2 ms 3.7 ms 1.6ms 0.5ms 0.4 ms +2.5ms
w/o popping fix 2.6 ms 3.5ms 1.6 ms 0.5 ms 0.4 ms -2.3 ms
w/o combine e 4.9 ms 3.5 ms 1.6ms 0.3 ms 0.4 ms -0.2 ms

Table 6.3: Performance Ablations of our features and improvements. Periphery GS refers to the rasterization of
the Gaussian splats and Fovea Points to the rasterization of neural points.

(a) Ground Truth (b) Ours (0.4M) (c) MCMC (0.5M)

Figure 6.9: Densification strategies. 3DGS-MCMC [Kheradmand et al. 2024] employ an densification scheme
up to an exact number of primitives, however their background reconstruction quality is limited compared to
ours.

6.5.4.2 Densification Strategy for Gaussian Splatting

Recently, Kheradmand et al. [2024] introduced a Markov chain-dependent Gaussian Splatting densi-
fication scheme. It allows for an exact determination of the number of Gaussians compared to our
heuristic-based densification. This method would be preferable, as our densification heuristic has to be
kept conservative to avoid overshooting the VR limit.

As shown in Fig. 6.9, the low amount of primitives still result in great foreground reconstruction, how-
ever, deteriorated backgrounds. This introduces severe artifacts in the peripheral reconstruction, in-
cluding spiky Gaussians with high color variance, which is unsuitable for smooth peripheral rendering.
As such we use the heuristic densification strategy.

6.6 Limitations

We inherit limitations from both 3DGS [Kerbl et al. 2023] and TRIPS (see Chapter 4).

Our approach and the VRGS Gaussian baseline suffer from floaters which is further enhanced by the
low densification thresholds used. Passing through floaters can be perceived as flickering and is dis-
tracting in VR. Stronger mitigation methods [Huang et al. 2024b; Philip and Deschaintre 2023] would
be beneficial in these cases.

The hardware also presents challenges. We had to increase the fovea sizes as the eye tracker was
inaccurate during the experiments. Better calibrated and more accurate gaze position allow further
performance increases with our method.
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Additionally, our approach requires per-scene processing, as such direct virtual teleportation during
capturing is impossible and will be looked at in the next chapter.

6.7 Conclusion

In conclusion, the proposed foveated rendering approach demonstrates a viable solution to overcome
the computational demand for radiance field rendering in real-time virtual reality systems. By blending
high-detail neural point rendering for the foveal region with smooth 3DGS rendering in the periphery,
we obtain crisp rendering of radiance fields without compromising system performance. The hybrid
solution meets the performance demands of interactive VR, offering a significant improvement in ren-
dering quality and user experience, which might pave the way for more realistic and immersive VR
applications such as video games or virtual tourism.
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CHAPTER 7

Inovis: Instant Novel-View Synthesis

This chapter is based on the publication Harrer and Franke et al. [2023]. The author of this thesis con-
tributed the project idea, algorithmic idea, and supervised Mathias Harrer during the implementation
in their Master’s thesis. In addition, the author of this thesis contributed in part to generating results for
related methods and wrote the original draft of the paper. Laura Fink also contributed parts of related
method evaluations. Mathias Harrer contributed the implementation and major parts of the method
evaluation and validation. Marc Stamminger and Tim Weyrich administered, helped conceptualize and
supervise the project as well as provided critical feedback in all stages. All co-authors contributed
review and editing during writing.

7.1 Introduction

While the previous chapters introduced systems for high-quality, immersive scene exploration, they
require the capturing process to be completed before per-scene processing is done. This means the
delay from capturing to exploration ranges from minutes to hours. For immersive virtual teleportation,
however, it would be preferable to be able to explore virtual environments of initially incomplete scene,
during capturing, and without the requirement of preprocessing the scene beforehand.

This approach seeks to work with dynamic input—and an evolving model—at render time, assuming a
SLAM:-like setting in which a (point-based) 3D representation is gradually built up.

Our rendering system’s main advantage is its use of original frames near the target view, integrating
them with the model rendering for enhanced fidelity, instead of solely depending on the fused model.
These nearby frames, termed auxiliary frames, provide detailed information where a high-resolution
model is incomplete. Utilizing temporal supersampling techniques [Xiao et al. 2020], recombination and
fusion with a direct neural rendering of the point-based representation are enabled in our framework.

In effect, our method is designed to use fewer resources and capturing constraints: new scenes do not
require new training (unlike Aliev et al. [2020], Ruckert et al. [2022], or TRIPS (see Chapter 4)) and the
method works directly on sparse point clouds (unlike Stable View Synthesis [Riegler and Koltun 2021],

Figure 7.1: Our neural point-based rendering architecture is particularly suited for scenarious where novel,
previously unseen content is dynamically added to a scene. Left: simulation of a gradually built up LiDAR-
based reconstruction; top-down view of the novel views’ frustum and frustums of past frames, which are used

as input. Although the scene ahead of the camera is increasingly sparse with distance (center), our architecture
manages to render a novel view with remarkable fidelty (right).
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which requires highest-quality geometry). Thus, our method enables real-time NVS on dynamic LiDAR
or depth-map streams, which was not achievable with neural point renderings before. In summary, our
contributions are:

+ An instantaneous, high performance method for NVS that compares favorably to the state-of-
the-art in similarly constrained scenarios.

« NVS in previously difficult or impossible scenarios, such as live depth map streams.

« An optional temporal feedback loop that reuses previously rendered novel views to augment the
set of RGBD captured images for improved temporal coherence.

The open-source implementation of the method can be found at:
https://github.com/mharrer97/inovis/
The project page can be found in this repository and at:

https://reality.tf.fau.de/publications/2023/harrerfranke2023inovis/

7.2 Related Work

Neural Novel View Synthesis. For point-based representations and our reduced preprocessing do-
main, closest to our method is NPBG++ [Rakhimov et al. 2022], which integrates features from all input
images (via a generalized feature encoder) within a point cloud that is then neurally interpolated to ren-
der novel views. It involves a few minutes of preprocessing and renders novel views in real time. In
contrast to NPBG++, however, our method does not require preprocessing and is not bound to a pri-
ori scene completeness; moreover, its lower per-point memory footprint improves scalability to larger
scenes.

Other neural IBR-based methods [Riegler and Koltun 2021; Wang et al. 2021] present challenging in-
ference speeds and generally depend on a priori scene completeness, prohibiting use on live camera
streams.

Recent work that bridges implicit and explicit approaches tackles the task of online scene reconstruc-
tion [Clark 2022; Miller et al. 2022; Sucar et al. 2021]. These involve training a reconstruction and
creating respective novel views during capture time; however, time to image (training plus rendering)
is still in the order of seconds for high-fidelity images. Furthermore, faithful reconstructions require
repeated observations of the same objects.

This method tackles these shortcomings, supporting incomplete scene observations, generalized feature
encoding without scene-specific pre-training, and fast inference without online training.

Neural Supersampling. A specific instance of NVS involves real-time (spatio-temporal) upsampling
of low-resolution inputs, widely used in video upsampling [Kappeler et al. 2016; Liu and Sun 2013;
Tao et al. 2017] and more recently in video games via methods like Nvidia’s DLSS [Edelsten et al.
2019]. Modern techniques often employ neural networks to enhance the input stream [Liu et al. 2022].
Some solutions focus on temporal supersampling by projecting temporal data onto current frames [Guo
et al. 2021; Thomas et al. 2022; Xiao et al. 2020]. Our key finding is that upsampling from coarse data
and NVS from sparse point clouds share a common goal—completing missing information—and both
utilize feature encoding and interpolation. This paper leverages prior work on temporal supersampling,
particularly Xiao et al. [2020]’s neural supersampling feature encoding, to develop a rapid, lightweight
novel-view synthesis pipeline that effectively corrects common warping artifacts.
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7.3 Method

point cloud multi-resolution g feature multi-resolution T reconstruction
rendering : encoding features

I loss

auxiliary images feature auxiliary image warping ground truth
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Figure 7.2: Our rendering pipeline extends the approach of neural point rendering of Aliev et al. [2020]; novel
components are highlighted in blue. From a set of auxiliary (RGBD) images from nearby input (or previously ren-
dered) views, relevant views are selected and encoded. Guided by a rendering of the point cloud, they are warped
and reweighted to mitigate occlusion and ghosting effects. Subsequently, features from the multi-resolution ren-
dering of the point cloud are extracted, and these buffers are passed to the reconstruction network for the final
rendering. The pipeline is trained end-to-end against ground truth images.

7.3 Method

As in the previous chapters, we employ a neural point method. In their original design, appearance
descriptors are precomputed in an off-line process, and the multi-resolution renderings to be fed into
the U-Net are rendered in feature space. In contrast, our approach seeks to work with dynamic input—
and an evolving model—at render time. Accordingly, and with the convenient side-effect of memory
savings that allow for larger scenes, point and image attributes are kept in the original RGB(D) format
for longer, and feature vectors are extracted only on the fly, see our pipeline overview in Fig. 7.2. (The
encoder is pre-trained using a class of similar input scenes.)

In general, we assume a SLAM-like setting, in which a (in our case point-based) 3D representation is
gradually built up while additional RGBD data are progressively received and fused into the model.

As a key contribution of our method, our rendering system does not simply rely on the fused model
representation, but also capitalizes on the availability of original frames close to the target view to be
rendered, by combining the model rendering with a more image-based approach that recombines these
nearby frames to fill in higher-fidelity information where a consistent high-resolution model is not
yet available. Notably, these additional frames (we call them auxiliary views) may contain only sparse
depth data (as, e.g., in the case of LIDAR sensors) but are assumed to be dense in RGB.

Although similar in spirit to traditional IBR and texturing [Buehler et al. 2001; Schonberger et al. 2016],
we blend feature descriptors rather than RGB values and borrow architectural aspects from the design
of Xiao et al. [2020].

In concrete terms, for every output (target) frame, our system determines nearby original camera im-
ages (Sec. 7.3.2), converts them into feature space (Sec. 7.3.3) and warps them into that target frame
(Sec. 7.3.4). The warp is assisted by depths of the so far accumulated 3D model. The different source
pixels are blended using a reweighting network [Xiao et al. 2020], which leads to better blending results
over explicit weighting functions and hole-filling strategies (Sect. 7.3.5). Subsequently, the features of
the multiresolution rendering of the point cloud are extracted (Sec. 7.3.1) and combined with the blended
(feature) images before being passed to the reconstruction network for rendering (Sec. 7.3.6).

Any (supervised) pre-training takes place using this complete pipeline (Sec. 7.4). In Sec. 7.5 we test the
system both with previously observed data (in order to allow comparison to previous works) and with
dynamic input outside the training dataset, a scenario not normally considered by previous work.
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7.3.1 Target View Feature Extraction

The backbone of our rendering architecture is a neural point-based renderer that roughly divides into
two parts: sparse multiresolution encoding of a target frame (which we discuss here); and U-Net-based
neural rendering that transforms this representation into an RGB rendering (Sec. 7.3.6).

First, we render the raw (RGB) point cloud with a depth-testing, one-pixel per point OpenGL hardware
renderer to obtain a sparse RGBD image. In a second step, we then use a feature encoder with the same
structure as the auxiliary view’s feature extractor (Sec. 7.3.3), except a filter number of 32 and output
of 8 features derived from the rendered sparse point cloud. In the output, the resulting features are
concatenated again with the network input.

These two steps are repeated for every resolution level fed into the multiscale rendering U-Net described
(Sec. 7.3.6). In our experiments we use three lower-resolution point renderings, at 1/2, 1/4, and 1/s.

The multiresolution structure serves two purposes: more general occlusion features can be learned
from these coarser representations; during training, the feature extractor sees a more varying range of
point distributions, making the feature extractor more robust.

7.3.2 Auxiliary View Selection

We collect nyiews auxiliary images, taken from nearby captured RGB images. Depending on the sensor
types and acquisition system, captured depth images are used (RGBD scenes), or (sparse) corresponding
depth samples are generated from the LiDAR data using the same point renderer we use in Sec. 7.3.1.
Either depth representation is used without any further preprocessing.

We generally determine the nyiews nearest views by selecting those that minimize the following metric
based on a positional factor f, and a view direction factor f;:

fp = 0.5+ max(||p — Propgerll® 0.5) , (7.1)
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Here, prarget and vgarget are the position and view direction of the target view, and p and v are the position

B . (7.2)
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of the auxiliary buffers (viewpoint) and view direction. In general, positions close to the target position
will always contribute more, thus scoring lower—as do similar view directions. Combining these two
factors then results in a similarity score s, where lower values indicate better view choices:

s=f(1+afy) . (7.3)

Hereby, a is used to balance these two factors, with larger « prioritizing tighter view directions. We
use @ = 100 for a trade-off that penalizes distances of around 10 meters similarly to 90-degree view
offsets. Views are always ordered from best to worst, which leads the network to place more emphasis
on the closest view. The resulting view weighting and ranking in spirit resembles traditional view-
dependent rendering approaches [Buehler et al. 2001]; More complex view selection schemes, such as
ORB-SLAM [Campos et al. 2021], could be used but were deemed to offer diminishing returns within
the scenarios at hand.

For some datasets, varying quality of nearby views could lead to moderate flickering in the output
video. In these cases, adding the previously rendered view to the set of candidates for auxiliary views
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point rendering no environment encoding environment encoding closest ground truth

Figure 7.3: Comparison of environment encoding vs no environment encoding vs point rendering vs closest
ground truth. Environment encoding significantly improves image quality in areas unoccupied by points. Even
without environment encoding, the surrounding areas of points are filled with information, showing the ca-
pability of encoding a patch around a pixel into a feature tensor which is then warped, using a sparse point
rendering.

helps mitigate flicker: that view often scores highly on the nearby-view metric and, if included amongst
the nyjews frames, improves temporal coherence across output frames. For training, however, previous
frames are never considered; our pipeline is robust enough to easily handle a previously rendered frame
as input, considering that it is fully compatible with the original RGBD-captured frames.

7.3.3 Feature Encoding for Auxiliary Views

After view selection, a lightweight feature encoding network transforms RGBD pixels into 12-
dimensional feature vectors. Note that the encoder captures spatial context as well, so that even under
sparse (point-wise) reprojections, as applied in the following section, relevant spatial information is
preserved.

We use a three-stage gated convolution setup with ReLU activations and a filter number of 16. (Xiao et
al. [2020] use 32; our experiments showed no change in training loss when going from 16 to 32, so we
went with fewer weights.)

Also in contrast to Xiao et al., we use gated convolutions [Yu et al. 2019], which have learnable masks
for scaling inputs. As our auxiliary images’ depth maps are sparsely filled, passing this map to gated
convolutions allows the feature encoding network to identify areas which can not be correctly warped
(due to missing depth) and to amplify this information to adjacent, warpable pixels. Thus, gated convo-
lutions in our case allow for a form of “inverse” masking, where information warping is able to account
for sparse depth maps similarly to small-scale attention mechanisms in transformers [Vaswani et al.
2017]. Lastly, this allows us to use a smaller number of filters, which generally improves performance
and reduces the risk of overfitting.

7.3.4 Warping

For each auxiliary view, both features and RGBD are warped to the target view: for each point of
the point cloud visible from the target perspective, its pixel value (RGBD plus feature vector), at its
back-projection into the auxiliary view, is copied to the new location. Each auxiliary image is warped
separately and the resulting images are mixed together in later pipeline steps.

Pixels that do not feature rasterized points miss warped information. These areas are optionally aug-
mented by warping the auxiliary image onto a distant background plane behind the point proxy ge-
ometry. This helps to greatly improve image quality in areas that do not feature points, especially for

87



CHAPTER 7 Inovis: Instant Novel-View Synthesis

far away areas (e.g., sky or far-away buildings). This environment handling results in those areas being
filled with plausible content from the background, as the disparity is barely noticeable at these large
distances, see Fig. 7.3.

Then, the RGBD images from the auxiliary views and the original rendering are passed to the reweight-
ing network, which computes a pixel-wise weighting factor for each view to scale the features.

7.3.5 Reweighting

This step helps to lessen the effect of disocclusion and warping artifacts. Reweighting mostly follows
the work of Xiao et al. [2020]. The reweighting network takes RGBD information from both warped
auxiliary views and the rendered target view to determine per-pixel weights for all nyjews auxiliary
images as output. The warped image data is weighted accordingly by multiplying the weights with
the auxiliary features. The reweighted data is concatenated and passed to the front layer of the neural
render network.

The network consists of three blocks of convolution and ReLU with filter numbers of 32, outputting
Nyiews multiplication factors, scaled to [0, 10] as stated in the original paper [Xiao et al. 2020].

7.3.6 Neural Render Network

The neural rendering network outputs the final stable novel view of the requested extrinsics and in-
trinsics. It is a U-Net with five levels, similar to established point-cloud rendering inpainting net-
works [Aliev et al. 2020; Riickert et al. 2022]. Each downsampling block uses a gated convolution and
max-pooling layer, while each upsampling block uses bilinear upsampling and a gated convolution with
skip connections between the blocks. Our filters are 32, 32, 32, 32, 32, which provided the best trade-off
between quality and performance and converge faster than deeper networks.

We input the full-resolution encoded features of the target and auxiliary views to the network, with
the lower-resolution target feature maps progressively being added to their respective downsampling
blocks.

7.4 Training Methodology

Scenes Tab. 7.1 summarises the scenes used for training (and evaluation), which cover a wide range
of scenarios and setups, including depth capturing through LiDAR, MVS, and RGBD cameras; various
indoor and outdoor environments, as well as inside-out and outside-in capturing setups.

Table 7.1: Evaluation datasets. We use a wide range of possible scenarios to evaluate our approach. Scene
tagged with live indicate an expanding live dataset.

Dataset # Points Point Cloud # Image Image Capturing  Environment
per scene capturing per scene Resolution Methodology Type
Tanks & Temples ~10M MVS ~300 1920 — 2144 X 1088 outside-in various
Kitti-360 ~8M Live-LiDAR ~630 1408 x 352 sequential outdoor driving
ScanNet ~30M  Live-DepthCam  ~120 1280 X 960 inside-out  indoor rooms
Redwood ~35M  Live-DepthCam  ~150 640 X 480 outside-in object scans
Office ~70M LiDAR ~700 960 X 544 inside-out  indoor rooms
Custom 0.5M-40M Live-StereoCam 40-250 1280 — 1920 x 720 — 1080 sequential ~ outdoor scans
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We use the Playground and M60 scenes from the commonly used Tanks and Temples dataset [Knapitsch
et al. 2017], which has depths estimated with MVS. Several sequences from Kitti-360 [Liao et al. 2022b]
offer sequential recordings of a driving car captured with LiDAR, which we modified to simulate the
order in which depth samples and RGB images would come in within a live LIDAR system (based on
field of view and distance of the original Kitti 360 point cloud). Additionally, we used our own cap-
tured scene, Office, using a portable indoor LiDAR, with capture positions roughly 2m apart. Extensive
preprocessing yielded a cleaned-up point cloud with a resolution of 5mm.

For live-RGBD scenes, we use the ScanNet [Dai et al. 2017] and Redwood [Choi et al. 2016] scenes, which
are captured RGBD streams for which we estimated positions on the fly with ORB-SLAM [Campos
et al. 2021] where no poses where present. Apart from that, we captured custom outdoor scenes using
a stereo camera, featuring sequential traversal of environments without repeated observation of the
same objects. We obtained the poses and keyframes for these scenes with Snake-SLAM [Riickert and
Stamminger 2021]. For all live-RGBD scenes, we create timestamped point clouds from the last 10
images in the sequence.

Training Training is generally initialized with a network pretrained on the Office scene, owing to its
large spatial extent combined with large baselines that prime training against ghosting. Subsequently,
networks are refined for individual classes of scenes, without temporal feedback frames (using captured
data only). Testing, naturally, always takes place on previously unseen data.

Loss As training loss, we use a mix of VGG16 [Johnson et al. 2016] and SSIM [Wang et al. 2004]. The
VGG loss is a common feature-based function, which is especially well suited in our case (as seen in
Sec. 7.5.5). However, regular patterns can appear on surfaces, which can be removed by adding a small
amount of SSIM loss. Our final loss function is the following ( wssim = 0.25 and wygg = 1):

loss(X, X) = Wesim + (1 = SSIM(X, X)) + wyge - VGG16(X, x) (7.4)

Inference Our method is particularly effective when applied to live datasets that supply a steady
stream of new images, such as Kitti-360, Redwood, ScanNet, and our custom outdoor scenes. The
images are encoded during inference and selected based on their capture position and rotation, enabling
us to choose images without having to store them in memory. This makes our approach well-suited
for integration with a traditional streaming approach, which only holds a subset of images in memory,
thereby minimizing memory usage.

Additionally, we only store RGB data in our point cloud, compared to competing methods such as
NPBG++ [Rakhimov et al. 2022], who store large multi-channel descriptors per point. All in all, our
rendering is lightweight and is easily interactive (~50ms/frame rendering time on Kitti and Redwood
datasets).

7.5 Results

In the following, we present our evaluation of Inovis compared to related work, as well as ablation
studies to give insights on what makes our method effective. For qualitative results, see Fig. 7.4.
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Kitti-360 Scene 00

Kitti-360 Scene 06 Office TT playground

Neural Rendering Point Rendering

Ground truth

Figure 7.4: Neural renderings of our approach for three datasets: the Office dataset and the Tanks and Temples
dataset, both containing high quality point clouds and the Live LiDAR dataset Kitti-360. Our method produces
high quality neural renderings for all datasets.

Table 7.2: Comparison with SVS, IBRnet, ADOP and NPBG++. Except for ADOP, no scene-specific finetuning
is performed.

Motorcycle Sofa ScanNet
PSNRT LPIPS| SSIMT ‘ PSNRT LPIPS| SSIMT | PSNRT LPIPS| SSIMT
ADOP 2034 0.236 0585 | 24.26 0.172 0598 | 24.78 0.208 0.694
IBR-Net 2293 0.193 0.730 | 27.45 0.159 0.809 | 2496 0.248 0.802
NPBG++ 1470  0.543 0.497 | 17.02 0392 0.637 | 20.90 0.396 0.758
SVS 19.21  0.273  0.658 | 2235 0.253 0.728 | 23.76 0.316 0.796
Inovis (ours) | 20.63  0.195 0.698 | 24.19 0.187 0.769 | 22.78 0.309 0.792

7.5.1 Qualitative Evaluation

We compare our approach to established neural novel view synthesis techniques. These include Stable
View Synthesis (SVS) [Riegler and Koltun 2021], NPBG++ [Rakhimov et al. 2022], IBR-net [Wang et al.
2021] and ADOP [Riickert et al. 2022].

For our method, a subset of scenes is used to train a network tuned to one scene type. Baseline methods
that have generalizing capabilities (all except ADOP) were trained on the whole Redwood and ScanNet
datasets, except the unseen evaluation scenes. ADOP was individually trained on each evaluation scene
to allow for a comparison. We accumulate metrics over five unseen scenes from ScanNet (0, 20, 30, 40,
50, 80), five Redwood motorcycles (05489, 05751, 05984, 06186, 06190) and three Redwood sofas (00577,
05477, 07294). The results of this evaluation can be seen in Tab. 7.2, Tab. 7.3 and Fig. 7.5.

In terms of quality, we consistently outperform NPBG++, while they show slightly better render times.
SVS shows similar results with significantly slower rendering. ADOP and IBR-Net usually provide
better metrics, but neither method in its current form is suitable for online novel view synthesis: ADOP
requires scene-specific training (~6h) and IBR-Net shows long rendering times for single images (~2
min). In general, our approach provides state-of-the-art results with fewer limitations than competing
approaches.
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Table 7.4: Performance numbers in ms: inference (Inf),

Table 7.3: Approximate preprocessing and point rendering (PR) and total rendering time (T) on sin-
render times (ScanNet 1296x968). gle scenes.
‘ preprocess  rendering Dataset ‘ Inf PR T
ADOP ~6h ~13 ms Kitti (3.6M pts, 1408x376) 53.8 1.2 56.2
IBR-Net < 1 min ~ 2 min ScanNet (70M pts, 1296x968) | 120.6 9.7 131.7
NPBG++ ~ 1 min ~ 100 ms Redwood (36M pts, 640x480) 367 93 474
SVS ~4h ~3s Office (40M pts, 960x540) 58.9 129 73.1
Inovis (ours) - ~ 131 ms Custom (0.6M pts, 1280x720) 883 0.6 90.2

NPBG++ SVS IBR- Net Inovis (Ours)
. & 7] 7 i T

Redwood motorcycle 5489

‘‘‘‘‘
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2 === -
|
4 e b

Figure 7.5: Visual comparison of Inovis with NPBG++, SVS and IBR-Net. Our method produces visually similar
results to IBR-Net, while outperforming NPBG++ and SVS.
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7.5.2 Generalization

To further demonstrate generalization, we used a subset of scenes from the Kitti dataset to train a
network that was also used to create all evaluation images of our own custom dataset.

The results can be seen in Fig. 7.6. Each method is provided with different time budgets that match the
data capture time frame of the respective dataset, e.g., a time budget of 15s for creating a novel view
from 15 keyframes. (column 1-3). The last column contains the results for unlimited time budgets. Both
used datasets resemble a sequential trajectory through a scene, rather than continuous observation of
a single object: walking past an excavator (Custom scene; top); a car driving through a neighborhood
(Kitti-360; bottom). Training and rendering times, which result in total time to image by adding up, are
displayed in each image. For all examples shown, our system was pre-trained on a subset of Kitti-360
scenes, excluding the one on display. Without further training, our network generalizes well to the
shown scenes, thus limiting the total time to image to mere rendering time (~50-100ms) and resulting
in the exact same image, no matter the time budget. ADOP and Instant-NGP gradually improve with
increasing time budget but do not reach our quality as long as a time limit is in place.

While these are also outdoor scenes, their characteristics are different, further corroborating general-
izing power.

7.5.3 Performance Evaluation

Training. Training our network end-to-end takes around ~15-24h on an NVIDIA V100, depending
on dataset size and resolution.
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Figure 7.6: Comparison of streaming capabilities between ADOP, Instant-NGP and Inovis (Ours).

Rendering. Training is done once per scene type, hence runtime performance depends on rendering
(i.e., NVS) only, which highly depends on the number of auxiliary views (cf. Sec. 7.5.5) and resolution.
See Tab. 7.4 for an overview of rendering times for different datasets, obtained with an NVIDIA A5000.
We measured interactive frame times of up to 20 fps for 960x540 images and ~11 fps for 1280x720
images. Even for large point clouds (tens of millions of points), inference still dominates rendering
time, but differences in visible point count cause variations in total rendering time, as illustrated in
Fig. 7.7.

To assess potential for streaming scenarios, we compare our approach against two competing methods:
ADOP [Rickert et al. 2022], as a high-quality point-based approach with very fast neural rendering;
InstantNGP [Miiller et al. 2022], which features remarkable real-time training of a NeRF, especially
when applied on outside-in scenarios. Considering that neither ADOP’s nor InstantNGP’s publicly
available implementations were designed to incrementally ingest streamed content, we devised an eval-
uation regime in their favor that, for a selection of time stamps within a stream of keyframes, grants
each algorithm combined training and rendering time roughly equivalent to the time passed until that
timestamp; see Fig. 7.6 for the results. Our approach outperforms both methods, as no training is
needed and produces high fidelity images from the start, while both compared methods only gradually
improve visual quality with increasing time budget. We outperform both methods in all comparisons
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Figure 7.7: Performance over time during traversal of the office scene (960x540, 4 auxiliary views), featuring a
large point cloud (40M points). Due to the large point count, point rendering time is significant. Inference time
remains constant while rendering time varies with the number of visible points.

w.r.t. time-to-image (training plus rendering) and achieve our highest quality even within the minimum
time budget.

7.5.4 Use-Case Evaluation

Our technique adeptly addresses various problem categories often overlooked by NVS methods.

Live LiDAR Car Data. For driving scenarios, refer to Fig. 7.4 and Fig. 7.6. Utilizing the Kitti-360 car
dataset, where new content frequently appears in front of the camera, we demonstrate our method’s
proficiency in generating views in areas with limited data. If the captured data belongs to a similar
category as the scene our model is trained on, we can swiftly generate novel views from a minimal set
of images and the current point cloud.

Large Point Clouds. Neural methods often struggle with large point clouds. Conversely, our ap-
proach effectively manages these large datasets, exemplified by the Office dataset with 75M points, as
depicted in Fig. 7.4.

Sparse Point Clouds. Our method enhances sparse point data with image details by encoding pixel
surroundings into feature vectors, as demonstrated with the sparse LIDAR data of the Kitti-360 dataset.
See Figs. 7.3, 7.4, and 7.6.

Live RGBD Data. Our approach is well-suited for live RGBD data. Given real-time camera poses
from SLAM, and a pre-trained network for a similar scene, Inovis generates new images without scene-
specific training.

7.5.5 Ablation Studies

In this section, we provide studies to show the root of the effectiveness of our method. Variants were
evaluated by using our loss function (Sec. 7.4) on the hold-out set of captured frames.
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Table 7.6: Loss functions on the Office dataset. NSS
indicates the loss function used by Xiao et al. [2020].

Table 7.5: Loss by convolution type of feature en-

coding of auxiliary images, by dataset. Loss Function ‘ PSNRT LPIPS| SSIMT
Dataset ‘ basic conv.  gated conv. Train w. MSE | 24.14 0.141 0.891
e E T
Kitti-360 0.5807 0.5561 ) ’ ’ '

Train w. NSS 24.27 0.102 0.919
Train w. Ours | 24.22 0.093 0.917

Feature Extraction. Our pipeline encodes small patches of auxiliary view information into feature
vectors, allowing this information to be transferred to novel views, as seen in Fig. 7.3. As described in
Sec. 7.3, we use gated convolutions, which usually provide state-of-the-art hole-filling capabilities. In
contrast to that, we use their masking abilities inversely for auxiliary image encoding, with the sparse
depth map guiding information amplification. For results of this, see Tab. 7.5. In sparse point cloud
scenarios (such as LiDAR in cars) this addition provides great improvement in the relevant (usually
small) areas, thus increasing training convergence and providing improvements of up to 5% overall.

Number of Auxiliary Images. We use a comparatively small number of auxiliary views compared to
competing methods, which for our setup suffices. As seen in Fig. 7.8, using more auxiliary images shows
diminishing results especially considering the increased computation time per frame, which increases
linear with number of images used. Four seems the best tradeoff between quality and inference speed.
In our experience, using four images also helps to improve quality when deviating from ground truth
views, although two images already show a similar loss compared to four images.

Loss function. We compare different loss functions commonly used in novel view synthesis methods
in our method. For results, see Tab. 7.6. Numerically, our metric performs favorably, only slightly
surpassed by the loss function of Neural Supersampling [Xiao et al. 2020]; subjectively, however, we
find that our metric provides higher color accuracy for our datasets, suggesting that real-world datasets
require differing loss compositions than synthetic data.
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Figure 7.8: Loss and rendering performance vs auxiliary images used.
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7.6 Discussion

Input Quality. Our method relies on good quality captures to produce high-quality results. This
includes the capture positions of the images not be too far apart in order for the method to work
effectively. In general, regions without overlap from auxiliary images show poor quality due to missing
information to be interpolated. We fall back on averaged pixel colors in our point cloud rendering, but
these can exhibit artifacts.

Temporal Stability While our method is able to handle continuous streams of new images, it may
still struggle with scenes that have significant changes over time. For example, significant changes of
the auxiliary images result in visible flickering.

Camera Intrinsics Our pipeline is trained to produce output images with similar camera intrinsics
and resolutions as the input images. Thus, if encoded patches are interpreted with different camera
characteristics, the output image can be blurred or squished.

7.7 Conclusion

In this chapter, we presented a system for neural NVS. We adapted a supersampling architecture, which
resamples previously rendered frames, to instead recombine nearby camera images in a multi-view
dataset. The resulting architecture gains sufficient robustness to significantly improve transferability
to previously unseen datasets. In particular, our system enables novel applications for neural rendering
where dynamically streamed content is directly incorporated in a (neural) image-based reconstruction
of a scene. We show that our method reaches state-of-the-art performance when compared to previous
works that rely on static scenes; in addition, we demonstrated our system’s performance for dynami-
cally streamed content, a scenario not accessible to previous works in neural rendering.
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CHAPTER 8

Conclusion & Prospect

In this thesis, we have explored novel techniques for real-time, high-fidelity scene reconstruction and
rendering, with a particular emphasis on VR-ready applications. The overarching goal was to enable
seamless virtual exploration and teleportation into real-world environments by addressing fundamental
challenges in NVS, including geometric inconsistencies, scalability, and perceptual quality. Addition-
ally, rendering performance must ensure low-latency real-time feedback while maintaining smooth
motion, proper depth perception, and perceptual continuity. To tackle these challenges, we have ex-
plored novel techniques for real-time, high-fidelity scene reconstruction and rendering, leveraging a
point-based representation integrated with differentiable rendering and neural refinement techniques
to ensure both efficiency and high-quality results.

We first tackled the problem of geometric deficiencies in point-cloud-based NVS. Chapter 3 introduced
Visual Error Tomography (VET), a novel approach for detecting and correcting missing or erroneous
geometry directly from 2D visual error maps. By lifting these errors into 3D space, our method allows
for targeted refinement, significantly improving rendering accuracy and temporal stability. Unlike
traditional point-growing techniques, VET is particularly effective at handling large missing regions
and thin structures, reducing artifacts that disrupt user immersion in virtual environments.

Building on this foundation, Chapter 4 presented Trilinear Point Splatting (TRIPS), a hybrid rendering
pipeline that merges principles from Gaussian splatting and neural point rendering. By rasterizing
points into a screen-space image pyramid and reconstructing missing detail with a lightweight neural
network, TRIPS achieves superior rendering quality at real-time frame rates. Importantly, this pipeline
remains fully differentiable, enabling automatic optimization of both point positions and sizes, further
enhancing robustness.

To address scalability constraints, we introduced Neural Point Octrees (NePO) in Chapter 5. This
method organizes massive point clouds into an octree structure, allowing adaptive Level-of-Detail se-
lection during rendering. NePO enables real-time rendering of vast, city-scale environments while
maintaining high fidelity. This advancement removes the previous limitations of point-based neural
rendering, which traditionally focused on object-centric or room-scale scenes.

Beyond technical advancements, we also investigated perceptual optimizations tailored for VR render-
ing. Chapter 6 proposed VR-Splatting, a foveated rendering approach that leverages the characteristics
of the human visual system. By using smooth Gaussian representations for peripheral vision and high-
resolution neural point splatting for the fovea, our method maximizes rendering efficiency without
sacrificing perceptual quality. A user study confirmed that this hybrid approach enhances perceived
sharpness and realism while maintaining VR’s stringent performance requirements.

Finally, Chapter 7 introduced Inovis, a technique for immediate novel-view synthesis using dynami-
cally streamed content. This method eliminates the need for extensive preprocessing, enabling virtual
teleportation with minimal delay. By leveraging neural spatio-temporal supersampling, the approach
reconstructs missing scene details on-the-fly, making interactive scene exploration more fluid and ac-
cessible.

In summary, this thesis has introduced a series of novel contributions that collectively advance the state
of the art in neural point-based rendering. By addressing critical challenges in geometric consistency,
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scalability, perceptual adaptation, and real-time rendering, our methods pave the way for more immer-
sive and efficient virtual scene exploration. These contributions enable users to explore vast real-world
environments realistically in VR, AR, or desktop applications.

One promising avenue for future research is the extension of our methods to dynamic scenes. Cur-
rently, the primary focus is on static environments, often masking out or ignoring dynamic elements
such as people or moving objects. Incorporating temporal coherence into our framework would al-
low for more realistic and immersive experiences, enabling virtual scenes to adapt to time-varying
elements. This could be achieved through motion-aware neural fields or dynamic point-based rep-
resentations that track and render moving objects seamlessly. Additionally, integrating learned priors
for dynamic behaviors could enhance scene interactions, allowing for responsive and interactive virtual
environments.

Another key direction is enhancing the controllability of point-based scene representations for artis-
tic and interactive applications, such as video games and virtual production. Novel representations,
while powerful for NVS, are often difficult to integrate into traditional creative workflows. Future
work should explore hybrid models that allow direct editing of scene elements, providing artists with
intuitive tools to manipulate lighting, textures, and object placement while retaining the benefits of
neural rendering. Additionally, optimizing physical properties such as material reflectance and light
transport would further improve realism, allowing neural point-based methods to better approximate
real-world physics for applications in photorealistic rendering and scientific visualization.

Furthermore, advances in neural point representations and optimization could enable efficient content
generation. By integrating large language diffusion models or GANs with neural point-based repre-
sentations, it may be possible to automate the creation of complex environments from, e.g. textual
descriptions, significantly streamlining content generation.

Lastly, an important, yet often overlooked aspect is power optimization for both mobile device compat-
ibility and environmental sustainability. Current high-fidelity neural rendering methods require sub-
stantial computational resources both for training and rendering, limiting their feasibility for energy-
constrained devices, such as mobile VR headsets or AR glasses. Future research should focus on energy-
efficient optimization and hardware architectures that minimize power consumption while maintaining
quality. Furthermore, optimizing rendering pipelines for green computing could reduce the environ-
mental impact of large-scale neural rendering, making it a more sustainable technology for widespread
adoption.
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