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ABSTRACT

3D scene reconstruction aims to recover the geometric and visual structure of real-world

environments from sensor data such as images or LiDAR point clouds. Existing methods

generally fall into two categories: explicit approaches, which represent geometry using dis-

crete primitives like points and meshes, and implicit approaches, which encode scenes as

continuous functions. While recent advances have led to impressive performance in both

appearance modeling and view synthesis, many existing methods lack explicit geometric

modeling, which limits their utility in physically grounded applications such as simulation,

interaction, and control. This thesis addresses this limitation by improving explicit geomet-

ric modeling in 3D reconstruction from two complementary perspectives: data enhance-

ment and representation design, with a particular focus on learning-based approaches.

From the data enhancement perspective, we enrich the explicit geometric information

of raw LiDAR point clouds by estimating per-point surface normals, aided by visual se-

mantics from images. Specifically, we propose the Hybrid Geometric Transformer (HGT),

a transformer-based neural network that fuses visual semantic and 3D geometric informa-

tion while capturing long-range dependencies to improve global consistency. Experimen-

tal results demonstrate its superior performance over existing methods, not only in terms

of normal estimation accuracy but also in significantly improving subsequent surface re-

construction. Trained in a simulated 3D traffic environment, the model learns transferable

geometric knowledge that generalizes well to real-world 3D scenes, such as those in the

KITTI dataset.
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While enhancing input data acts as a foundational step for geometric accuracy, robust

reconstruction also necessitates scene representations that intrinsically enforce structural

consistency. To address this challenge in static environments, we present a hybrid repre-

sentation that integrates 3D Gaussian Splatting (3DGS) with a mesh, enhancing the surface

accuracy of the originally unstructured Gaussians in 3DGS. Our model jointly learns geom-

etry and appearance in an end-to-end manner by binding 3D Gaussians to mesh faces and

employing differentiable rendering for photometric supervision. This creates an effective

information pathway for the joint optimization of 3DGS and mesh learning. Experimental

results show that the learned scene model achieves state-of-the-art efficiency and render-

ing quality while enabling scene manipulation via the explicit mesh.

Extending the scope of explicit geometry beyond static scenes, we further tackle the

complexity of dynamic environments, where most existing methods rely on implicit defor-

mation fields that are often inefficient and physically ambiguous. We propose the Dynamic

Appearance Particle Neural Radiance Field (DAP-NeRF), which introduces explicit appear-

ance particles into the implicit field framework. This approach targets dynamic scenes,

which pose greater challenges than static 3D reconstruction. DAP-NeRF consists of a static

field and a dynamic field, with the latter represented as a collection of appearance particles

that carry visual information and are governed by learnable motion models. All compo-

nents, including the static field, visual features, and particle motion models, are learned

from monocular videos without prior geometric knowledge. We further develop an effi-

cient computational framework for this particle-based model and construct a new dataset

to evaluate motion modeling. Experimental results show that DAP-NeRF effectively cap-

tures both the appearance and physically meaningful motion in dynamic 3D scenes.
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1
INTRODUCTION

1.1 Motivation

1.1.1 Background: 3D Scene Reconstruction

3D reconstruction is the process of recovering the shape and appearance of objects from

sensor data, such as images or LiDAR point clouds. When applied to dynamic scenes, the

task also involves capturing how the scene evolves over time. The output of a reconstruc-

tion system is a structured representation that may take various forms, such as polygonal

meshes or function-based encodings that allow querying of object attributes. This technol-

ogy supports a wide range of applications, including augmented and virtual reality [186],

autonomous driving [115], and medical imaging [131].

The need for 3D reconstruction arises from the inherent limitations of raw sensor data,

which are often incomplete and view-restricted. For instance, a camera image provides

only a 2D projection of surface appearance, without conveying any direct 3D geometry.

Similarly, LiDAR sensors offer sparse samples of distances along visible surfaces, which do
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CHAPTER 1. INTRODUCTION

not form a complete or continuous surface model. To overcome these limitations, 3D re-

construction aims to estimate or infer the underlying geometry and appearance of objects

that are only partially observed, using multiple frames or multi-sensor data.

A central question in this field is: What information needs to be reconstructed?

While both geometry and appearance contribute to comprehensive scene understand-

ing, this thesis focuses on the aspect more critical for practical system: explicit geometry.

This refers to structured representations that provide direct access to either the occupancy

state of any spatial location [38, 74] or surface-level attributes such as normals, curvatures,

and boundaries [73, 88]. Such geometric information plays a central role in the computa-

tion of physical interactions, simulation, and motion planning.

In practice, 3D reconstruction serves as a foundational tool that enables intelligent

agents to perceive and interact with their environments. Explicit geometric representations

are particularly effective as they directly encode geometric attributes for efficient access

and computation. These representations are also readily compatible with existing robotics

and simulation frameworks, facilitating high performance and low-latency in interactive

applications. For example, polygonal meshes and point clouds are widely used in virtual

reality (VR) applications to enable real-time rendering and interaction.

1.1.2 Existing Methods and Limitations

Existing methods for 3D reconstruction can be broadly grouped based on the type of rep-

resentation they use: explicit or implicit.

Explicit methods use geometric primitives, such as voxels [80], point clouds [91], and

meshes [200], to parameterize scene geometry. These primitives are assigned visual at-

tributes (e.g., RGB colors) to model appearance. Explicit methods offer clear geometric in-

terpretability and compatibility with existing graphics pipelines. They have evolved from

traditional Multi-View Stereo (MVS), voxelization, and triangulation techniques [88, 171,
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238] to learning-based models [134, 217, 225]. Notably, 3D Gaussian Splatting (3DGS) [91]

has emerged as an efficient alternative, representing scenes with millions of 3D Gaussians

and adopting a high-fidelity differentiable rendering.

However, accurately reconstructing object surfaces using explicit primitives remains

challenging, due to limitations such as imperfect real-world observations and insufficient

structural constraints on the primitives themselves. Specifically, the surfaces (typically rep-

resented as meshes) extracted from sparse and noisy raw point clouds often lose geometric

details, as real-world sensors suffer from measurement errors, environmental interference,

and limited resolution. Furthermore, the recently proposed 3D Gaussian primitives [91],

while producing visually appealing renderings, may be geometrically inaccurate — they

can be inconsistent with any 2D manifold since the model imposes no explicit structural

constraints on the primitives.

Implicit methods, by contrast, employ continuous functions such as signed distance

functions (SDFs) [145], occupancy fields [152], and neural radiance fields (NeRFs) [128], to

encode 3D scenes as learnable functions queried at arbitrary positions. These methods

achieve high flexibility and smooth interpolation by utilizing neural networks to model

continuous functions within a learning-based framework. Early approaches involve learn-

ing a conditional occupancy field [20] or SDF [145] to represent a class of shapes. Differen-

tiable rendering techniques [96, 226] enable direct multi-view supervision, making implicit

methods practical for real-world scene reconstruction. NeRFs further extend this paradigm

by optimizing volumetric radiance fields, allowing photorealistic novel view synthesis from

sparse images.

When extending this paradigm to dynamic scenes, existing methods predominantly

rely on deformation fields to map time-variant observations to a canonical space. While

effective for view synthesis, these approaches generally adopt an Eulerian formulation,

where motion is implicitly encoded as continuous coordinate mappings within the volu-
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metric field. This indirect modeling often leads to physical ambiguities, such as implau-

sible deformations in empty space, and lacks the explicit geometric structure required for

tasks involving object manipulation or physical interaction.

However, implicit reconstruction methods represent geometry indirectly, which can

limit efficiency and physical interpretability, particularly when modeling dynamic scenes.

In addition, field-based models such as NeRFs take 3D Euclidean coordinates as input to

query physical quantities. While effective for modeling properties distributed throughout

the entire space, this approach becomes inefficient when the target quantities are confined

to specific regions or lie on sub-manifolds, such as within solid objects or along surfaces.

Therefore, a limitation of current methods is the lack of explicit geometric modeling.

This gap motivates this thesis to explore new approaches that can recover high-quality and

explicit geometry, while ensuring efficiency and compatibility in practical applications.

1.2 Research Objectives

To narrow the research gap, this thesis improves explicit geometric modeling in 3D recon-

struction from two complementary perspectives: data enhancement and representation de-

sign, with a particular focus on learning-based approaches. Specifically, the research is or-

ganized around the following three objectives.

1.2.1 Objective 1: Surface Normal Estimation via LiDAR-Image Fusion

From the data enhancement perspective, we aim to improve the explicit geometric infor-

mation of raw LiDAR point clouds by estimating per-point surface normals. These normals

reflect the orientation of local surface patches, thereby enriching the interpretability and

reliability of the sensor data. Moreover, surface normals provide an essential geometric

prior that supports more accurate and robust surface reconstruction in subsequent pro-

cesses.
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However, recovering geometric properties is challenging due to the limited information

captured from a single viewpoint. On one hand, image pixels lack depth information and

are subject to perspective ambiguity. On the other hand, individual LiDAR points provide

3D distance measurements but are unstructured and sparse. The topological and geomet-

ric information of the surfaces is not directly available. Traditional regression-based meth-

ods [73] formulate surface normal estimation as a least-squares optimisation problem.

However, they often fail in real-world settings due to their sensitivity to noise and reliance

on carefully chosen parameters. More recent learning-based approaches [64, 101, 239] have

shown promise in outperforming traditional methods, but they are mostly designed for

dense, uniformly sampled point clouds from scanned or synthetic data.

To address these challenges, we propose to leverage the semantic information present

in images to assist with surface normal recovery. To effectively estimate surface normals

from images and point clouds, we design a neural network with attentional mechanisms

that automatically learn cross-modal correlations.

1.2.2 Objective 2: Surface Constraints in Scene Representation

Building on the idea of using surface priors, we further investigate how surface modeling

can be effectively integrated into scene representations. To this end, we incorporate surface

constraints into explicit representations to enhance the geometric accuracy.

3D Gaussian Splatting (3DGS) employs an explicit representation called Gaussians, which

represent anisotropic ellipsoids in 3D space. Despite the advantages in rendering quality

and speed, it is not straightforward to reconstruct object surfaces using traditional Gaus-

sians. This is because the 3DGS model imposes no explicit constraints on the structure of

the Gaussians. While visually compelling, the resulting geometry may not correspond to a

coherent 2D surface, which limits its usefulness in applications that require accurate geo-

metric modeling.
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Several recent methods attempt to address this issue by incorporating surface informa-

tion into the learning process. For instance, NeuSG [15] uses normals estimated by a sepa-

rate NeuS model [201] to refine the Gaussians, which significantly increases training time.

SuGaR [62] aligns Gaussians with surfaces and converts them to a point cloud for meshing,

but then requires an additional training phase to re-learn appearance. Such multi-stage

pipelines are inefficient and fragile. It is worth noting that similar issues are encountered in

downstream applications [46, 56, 83, 159], which typically perform meshing and Gaussian

training separately. These challenges motivate us to design a more effective information

pathway to supervise the learning of scene representations while achieving more accurate

surface modeling.

To achieve this objective, we explicitly attach 3D Gaussians to mesh faces and jointly

reconstruct geometry and appearance within an end-to-end learning framework. Specif-

ically, the geometry is represented as triangle meshes, while the view-dependent appear-

ance is modeled by 3D Gaussians. This direct correspondence between Gaussians and mesh

faces imposes strong surface constraints, allowing photometric supervision to effectively

guide both geometry and appearance learning, thereby improving rendering quality and

geometric accuracy.

1.2.3 Objective 3: Dynamic Scene Modeling with Explicit Geometry

Also situated within the representation design domain, this objective aims to introduce

explicit geometric modeling into the reconstruction of dynamic scenes — a challenging

setting where most existing methods rely entirely on implicit representations.

In the reconstruction of dynamic scenes, most existing methods use deformation-field

models, where motion and appearance are encoded in learnable fields over 3D space. These

models adopt an Eulerian formulation: neural networks take 3D coordinates as input and

return physical quantities such as deformation or color. This formulation is effective when
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the region of interest covers the entire space, but becomes inefficient if the quantities of

interest are confined to specific regions, such as the surface of a moving object. This inef-

ficiency can lead to increased computational overhead and reduced interpretability. More-

over, current dynamic NeRF-based methods [113, 154] often require extra preprocessing,

such as shape extraction [160] and inverse deformation computation [16], to be usable in

practical applications involving physical interactions. These limitations motivate us to em-

ploy explicit geometric primitives for moving or deforming objects within dynamic scenes.

To achieve this objective, we propose a particle-based representation that offers an ex-

plicit and physically interpretable description of dynamic elements in a scene. Each par-

ticle carries both spatial and appearance information and evolves over time according to

a learnable model. We also develop an efficient computational framework that integrates

this particle representation with neural radiance fields, allowing the hybrid model to re-

construct and render dynamic scenes more accurately and efficiently.

1.3 Contributions

The research presented in this thesis is based on the following three main contributions,

each of which is supported by a published or under-review paper (see ‘List of Publications’).

• We propose the Hybrid Geometric Transformer (HGT), a novel transformer-based

network architecture to effectively estimate surface normals from multi-modal in-

puts. Unlike traditional estimation methods that rely on local neighborhoods, HGT

employs self-attention mechanisms to capture long-range dependencies, improv-

ing global consistency. Experiments on traffic scene datasets demonstrate that our

method achieves state-of-the-art normal estimation accuracy, significantly benefit-

ing downstream surface reconstruction tasks.

• We develop a hybrid representation that explicitly attaches primitives to a mesh model
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of the object surfaces, thereby introducing local structural constraints. Specifically,

we adopt the latest explicit 3D Gaussians [91] to model the scene appearance and

enable high-fidelity and efficient rendering. The mesh is extracted from a learnable

signed distance field (SDF). A set of Gaussians is then generated and attached to each

mesh face, aligning with the position and shape of the corresponding triangle. We

demonstrate that this hybrid of Gaussians and a mesh achieves both high geometric

accuracy and superior rendering quality.

• We propose Dynamic Appearance Particle Neural Radiance Field (DAP-NeRF), which

introduces a novel representation called appearance particles. Each particle encodes

a small finite volume of a scene’s visible content through a 3D position and a visual

descriptor. To model dynamic scenes from monocular videos, we adopt a Lagrangian

formulation where dynamic elements are represented by particles moving through

space over time. This complements the widely adopted Eulerian dynamic NeRFs,

which specify the static elements of the scene in our framework. We demonstrate

that appearance particles can be constructed without prior geometric knowledge and

achieve state-of-the-art reconstruction quality. Compared to existing dynamic NeRF

methods, our approach offers a more physically meaningful and efficient represen-

tation for modeling dynamic scenes.

1.4 Thesis Outline

The contribution of works in this thesis has been outlined in Figure 1.1, which illustrates the

research questions addressed in this research and how they are connected to the generic

field of data-driven 3D environment reconstruction.

Following this framework, the detailed structure of this thesis is organized as follows:

• Chapter 2 provides a comprehensive review of existing 3D scene representations and

8



1.4. THESIS OUTLINE

Figure 1.1: Overview of the research framework. The thesis is organized into three comple-
mentary works that progressively address the lack of explicit geometry: enhancing sensory
data (Chapter 3), enforcing surface constraints in static representations (Chapter 4), and
modeling explicit motion in dynamic scenes (Chapter 5).

reconstruction techniques. It also includes advancements in surface normal estima-

tion and dynamic NeRFs, which are closely related to this thesis.

• Chapter 3 introduces a transformer-based architecture that effectively fuses visual

semantic and geometric information for high-quality surface normal estimation.

• Chapter 4 proposes a hybrid model that jointly learns 3D Gaussians and a mesh,

improving geometric accuracy through explicit surface modeling.

• Chapter 5 presents an explicit representation called appearance particles. This novel

representation is integrated into the NeRF framework to model dynamic scenes, achiev-

ing superior rendering quality and interpretability.

• Chapter 6 concludes the thesis and discusses potential future research directions.
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2
LITERATURE REVIEW

2.1 3D Scene Reconstruction

Modeling and reconstructing 3D scenes is a fundamental area of research in computer vi-

sion and computer graphics. Techniques from this field have found extensive applications

in virtual and augmented reality (AR/VR), autonomous driving, and film production.

As illustrated in Fig. 2.1, the goal of 3D scene reconstruction is to capture the geometry

and appearance of a scene from sensor data such as images and point clouds.

Problem Formulation

Formally, this process aims to recover a scene representation S from a set of sensor ob-

servations O = {o1, . . . ,oN }, captured from known or estimated poses P = {T1, . . . ,TN }. The

representation S typically encodes both geometry (e.g., occupancy, density, or signed dis-

tance) and appearance (e.g., color or radiance). The reconstruction is generally formulated

as an optimization problem:

(2.1) S ∗ = argmin
S

N∑
i=1

L (R(S ,Ti ),oi )
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OGN [189], MonoScene [9], TPVFormer [80]
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Figure 2.1: Structure of this Literature Review. This review covers the most commonly used
explicit representations (sub-figure (b)) and implicit representations (sub-figure (c)), which
capture 3D information from raw data sources (sub-figure (a)). The sections are organized
based on the used 3D representations, including Point Cloud (Sec. 2.1.1), Voxels (Sec. 2.1.2),
Mesh (Sec. 2.1.3), 3DGS (Sec. 2.1.4), Occupancy Field (Sec. 2.1.5), SDF (Sec. 2.1.6), and
NeRFs (Sec. 2.1.7). This figure also highlights some representative works under each spe-
cific sub-category.
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where R is a projection or rendering operator mapping the 3D representation to the sensor

domain, L measures the consistency between synthesized and observed data.

Explicit vs. Implicit Representations

Based on the mathematical nature of S , existing approaches can be classified into two

main categories: explicit and implicit methods.

Explicit approaches include geometry entities in the representation of the 3D target,

such as discretized surfaces or volumes. Hence the approach is convenient for downstream

tasks such as computer graphics, physics simulation or robotics, where collision, deforma-

tion, projective geometry are readily managed using existing information in the models.

On the other hand, the discrete nature of such representations makes such models cum-

bersome to deal with topology change, such as removing a hole, merge or split existing

volumes. Specifically, in the scenario of learning the model from sensory data, one usually

does NOT have full information of the topology, hence flexibility is welcomed, which makes

space for explicit models to improve.

On the other hand, implicit approaches represent the target of interest as point set in

the embedding space that meet the condition specified by a function. For example, a sur-

face can be considered as the 2D boundary of a 3D volume, where the volume includes

points meeting a condition. The representation is inherently continuous and admissible

to rich mathematical tools. There is no effective limit on the topology or connectivity of

the 3D target. However, implicit models lack a direct access to the geometry concepts that

are commonly used in existing workflows in many application areas. The extract of use-

ful information, e.g. the zero-level set, is often an iterative procedure costing significant

resources on its own stand. This makes it expensive to be used in applications.

In this section, we review current 3D reconstruction techniques, organizing the litera-

ture into subsections based on the types of 3D representations employed. Specifically, we

cover the commonly used explicit representations in this field. Additionally, we discuss im-
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plicit neural representations, which have gained significant attention in recent years due

to the rapid development of deep learning. Note that our research scope differs from tradi-

tional 3D reconstruction approaches, which typically focus on recovering depth maps from

images followed by mesh extraction. This review takes a broader perspective, incorporating

recent advancements in the field.

2.1.1 Point Cloud

A point cloud is a set of unorganized 3D points in world or device space, describing the

small finite volumes in a scene. Structure-from-Motion (SfM) and Multi-View Stereo (MVS)

are two well-known methods for recovering point clouds from camera images. In con-

trast, LiDAR or Time-of-Flight (ToF) cameras directly capture data in the form of point

clouds. However, the obtained point clouds can sometimes be sparse, incomplete, and po-

tentially problematic in practice. Therefore, the point cloud completion technique is often

employed to enhance the data before implementing downstream applications.

Structure-from-Motion (SfM). This technique aims to estimate the sparse point cloud of

a scene and the camera poses from uncalibrated images, which is the foundational pro-

cess in MVS. This method generally involves feature detection and matching across im-

ages, then using multi-view geometry [70] (e.g. five-point technique and triangulation tech-

nique) and bundle adjustment (BA) [192] to solve for 3D structure and camera pose simul-

taneously. According to the specific processing pipeline, SfM can be classified into Global,

Incremental, and Hybrid SfM. Global SfM [25] attempts to solve for all camera poses and 3D

points simultaneously in a global optimization framework. While this might lead to more

accurate results, it consumes a lot of computational resource, especially for large image

sets. Incremental SfM [171] is more common in practice. It starts with a small set of images

(often just two), estimates the camera poses and 3D points for this initial set, and then in-

crementally adds more images at a time. Incremental manner is more efficient for large im-
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age sets, but can sometimes lead to drift errors that accumulate over time. Hybrid SfM [26]

combines the best aspects of both global and incremental pipeline. It use the incremental

SfM for quick initial recovering, and then apply global optimization to reduce accumulated

drift errors.

There has been a vast body of literatures that introduce learning based models in the

core components of SfM, including feature extraction [30], feature matching [112, 169,

212]. Recently, detector-free matchers [71] aim to avoid explicit feature matching which

suffers from matching issues in texture-poor regions. Furthermore, some end-to-end SfM

methods are proposed, such as direct poses regressing [144] and differential bundle adjust-

ment [61].

Multi-View Stereo (MVS). This technique aims to generate a dense 3D model, which

can be represented as a dense point cloud. In the MVS pipeline, the inputs include a set

of calibrated images and the sparse point cloud obtained from the previously mentioned

Structure from Motion (SfM). Traditional MVS methods can be categorized into volumetric

methods [194], surface-based methods [106], patch-based methods [51, 118], and depth

map-based methods [171, 220]. Depth map-based methods, which decouple the 3D model

estimation problem into depth map estimation and fusion, have shown superior flexibil-

ity and accuracy. COLMAP [171] is currently one of the most commonly used algorithms,

which jointly estimates pixel-wise view selection, depth map, and surface normal. How-

ever, traditional methods often suffer from high computational requirements and poor

quality in challenging scenes.

Deep learning-based methods [122, 225, 232] have shown significant improvements in

MVS performance. A representative work in this area is MVSNet [225], whose pipeline has

been widely adopted by subsequent deep learning-based MVS systems. MVSNet constructs

a 3D cost volume that is regularized with a 3D CNN and then regresses the depth map from

the probability volume. However, due to the high memory usage and runtime consump-
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tion, it can only handle images with low resolution. Recently, several variants of MVSNet

have been proposed to improve efficiency [232] and robustness [122]

By fusing the estimated depth maps of different perspectives, a dense point cloud can

be obtained. To further improve accuracy, offline MVS methods [60, 198, 225] perform

data filtering before fusing, including photometric consistency filtering and geometric con-

sistency filtering. Optionally, some applications adopt TSDF (Truncated Signed Distance

Function) [27, 137] to fuse the depth maps into a TSDF volume and then extract a mesh [120].

Point Cloud Completion. This technique aims to estimate the complete point cloud from

raw point clouds, which are often noisy, sparse, and incomplete. This field has rapidly de-

veloped since the pioneering work of PCN [234] is proposed. Recent methods for point

cloud completion can be roughly categorized into Point-based [155, 224], Voxel-based [204,

219], Graph-based [158, 175], and Transformer-based methods [216, 230]. Point-based meth-

ods mainly use PointNet [155] and its variants as the feature encoder, focusing on the de-

coding process to produce complete point clouds. Voxel-based methods map the point

cloud to a voxel grid, and then use 3D convolution to extract features. In graph-based meth-

ods, points or local regions are regarded as vertices in a graph. The edges of the graph can

be established according to the vertices’ adjacency in 3D space or feature space. Compared

to point-based methods, graph-based methods are better at capturing regional geomet-

ric details. Transformer-based methods use self-attention mechanisms to capture the rela-

tionships between points in a point cloud. However, despite their effectiveness, they have

a drawback in their high computational complexity.

Methods above mainly work on indoor scenes or small objects. In outdoor LiDAR point

completion (often referred to as scene completion), the point cloud is sparser and has

varying density, which poses greater challenges. This task is often transformed into depth

completion [22, 37], where LiDAR points are projected onto the image plane to construct a

sparse depth map. Therefore, advances in depth completion based on CNN can be applied.
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2.1.2 Voxels

Voxel representation discretizes three-dimensional space into a uniform grid of cubic cells,

each of which has two states: empty or occupied. As a fundamental and intuitive structure,

voxel grids have been widely used in 3D vision and graphics tasks such as shape modeling

and collision detection. However, the memory requirements for a dense voxel grid grow cu-

bically as voxel resolution increases. As an extension, Octree [125] is a more efficient spatial

representation than standard voxels, as it represents details by recursively subdividing a

voxel into eight child voxels instead of changing the total resolution.

Learning-based Image-to-Voxels. This technique predicts the the scene geometry from

single or multi-view images. One of the pioneering methods in this field is 3D-R2N2 [23],

which leverages an end-to-end model based on 3D Convolutional Neural Network (3D

CNN) and Long Short-Term Memory (LSTM) [72] to reconstruct voxel representations. As a

variant of recurrent neural networks (RNNs), LSTM introduces challenges such as sensitiv-

ity to the order of input images and high computational complexity. Subsequent works [79,

148, 217, 218] have been proposed to mitigate these limitations. Notably, Pix2Vox [217] and

Pix2Vox++ [218] utilize an encoder-decoder structure to simultaneously process images

into coarse voxels. These coarse voxels are then fused and refined to yield high-resolution

reconstructed voxels. Given posed images, Atlas [135] and NeuralRecon [17] back-project

image features into a 3D feature volume, which is then processed by a 3D CNN to regress

the TSDF volume. In addition, there are some methods [164, 189, 202, 203] adopting a hi-

erarchical Octree representation to increase voxel resolution while reducing memory con-

sumption.

Outdoor occupancy prediction [9, 80, 190] which uses voxel-based representation has

become a common fundamental task in visual autonomous driving. The desired output

is an occupancy descriptor, where voxels within a scene are assigned an occupancy state

and a semantic label. Various driving tasks, such as semantic scene completion and ob-
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ject detection, can be performed based on the occupancy descriptor. MonoScene [9] first

uses 3D U-Net to infer 3D occupancy with semantic labels from a single monocular RGB

image of an outdoor scene. TPVFormer [80] is a transformer-based model that obtains tri-

perspective view representations from multiple images. Using LiDAR-based sparse occu-

pancy as supervision, it achieved superior performance in occupancy prediction.

Point Cloud Voxelization. The simplest voxelization from a point cloud involves divid-

ing 3D space into a voxel grid and then assigning each point to the one voxel based on its

coordinates. A voxel is labeled as occupied when it contains one or more points, and as

empty otherwise. This technique is often seen as a preprocessing step for various down-

stream tasks. Unlike unorganized point clouds, voxel representation has a regular structure

that can leverage the benefits of 3D convolutional networks.

A body of research [11, 117] has introduced a coarse-to-fine approach to enhance the

quality of voxelization when dealing with noisy and incomplete scan inputs. In addition,

Octree-based voxelization [238] has been widely adopted to address the memory efficiency

issue of regular voxel grids. By recursively subdividing the space into octants and only stor-

ing occupied regions, Octree structures can achieve adaptive resolutions while maintaining

a compact representation. This approach is particularly beneficial for large-scale scenes

where detailed geometry is only needed in specific regions.

2.1.3 Mesh

A surface mesh approximates a 2D manifold in 3D Euclidean space, providing a funda-

mental explicit representation of object geometry. It consists of vertices, edges, and faces

(typically triangles) that form a polyhedral shape. Thanks to its flexibility and efficient com-

putation of surface properties, meshes excel in rendering and physical simulations.

Recent advances enable direct mesh creation from images or point clouds. For image-

based approaches, we first discuss end-to-end solutions that recover meshes directly from
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images, including template deformation using neural network and multi-view supervision

using differentiable rasterization. Methods that extract meshes from intermediate repre-

sentations (e.g., point cloud, SDF, NeRF, and 3DGS) are discussed in later sections. For point

cloud-based approaches, we cover direct triangulation methods and surface regularization

techniques.

Reconstruction by Deforming Mesh Template. One representative of these methods is

Pixel2Mesh [200], which extracts features from a single image and deforms an ellipsoid

mesh into the desired shape using a Graph Convolutional Network (GCN). Follow-up works

include Pixel2Mesh++ [210], which improved reconstruction accuracy by supporting multi-

view inputs, and [143], which proposed removing error faces using an error pruning net-

work. [176] introduced a key-point detector to regularize the deformed mesh.

Differentiable Iso-surface Extraction and Rasterization. Differentiable rasterizers take

a mesh with vertex colors as input and allow gradients from the image-space loss to be

back-propagated to vertex positions, enabling iterative optimization of the mesh.

A notable early contribution is Neural 3D Mesh Renderer [87], which introduce a differ-

entiable rendering pipeline that supports end-to-end neural network training with mesh-

based representations. More recent techniques, such as the nvdiffrast library [96], have en-

hanced the scalability and efficiency of differentiable rendering by leveraging hardware-

accelerated rasterization primitives. This approach enables high-resolution rendering of

large triangle meshes with accurate gradient computation and robust occlusion handling.

However, these methods assume a fixed mesh topology and focus solely on optimizing ver-

tex positions.

To address the challenge of optimizing mesh topology, differentiable iso-surface ex-

traction methods are particularly effective. DMTet [173] directly optimizes meshes by em-

ploying a differentiable marching tetrahedra layer. Similarly, FlexiCubes [174] extends Dual
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Marching Cubes [139] by introducing additional parameters for grid interpolation, vertex

deformation, and triangle splitting, thereby increasing flexibility while maintaining robust-

ness and ease of optimization. These methods can seamlessly integrate with differentiable

rasterization and learn complex topology reconstruction even from random initialization.

The recent nvdiffrec [134] incorporates differentiable marching tetrahedra into the joint

optimization of mesh topology, spatially-varying materials, and lighting from multi-view

images. This integration improves the ability to reconstruct intricate shapes while produc-

ing explicit and editable 3D representations.

Point Cloud Meshing. Depth scanning sensors, such as structured light and time-of-flight

(ToF) devices, produce point clouds as their primary form of data acquisition. Surface re-

construction from these point clouds is frequently required in applications like virtual and

augmented reality, computer animation, and robotics. Additionally, classical multi-view

stereo (MVS) methods, such as COLMAP [171], estimate depth maps and reconstruct meshes

from back-projected point clouds, ultimately addressing the point cloud meshing problem.

Direct point triangulation is the most classical and intuitive approaches to meshing.

Delaunay triangulation [35] subdivides the convex hull of a point cloud into triangles, en-

suring that the circumcircle of each triangle does not contain any other points. Extensions

to this method introduce regularization, such as removing undesirable triangle shapes [123]

or applying a greedy selection of valid triangles based on topological constraints [24]. An-

other popular method, the Ball-Pivoting Algorithm (BPA) [7], uses rolling balls of varying

radii to generate triangles by connecting sets of three points touched by a ball.

To achieve smoother surfaces, Poisson Surface Reconstruction (PSR) [88] takes oriented

points as input and solves a 3D Poisson equation to compute the signed distance function

(SDF) whose gradient best aligns with the surface normals. Screened Poisson Surface Re-

construction (SPSR) [89] extends this approach by incorporating regularization terms to

mitigate the over-smoothing issues commonly encountered in PSR. More recently, differ-
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entiable Poisson solvers [151] have been introduced, enabling end-to-end learning with

neural networks.

Existing methods often require accurate surface normals at each point in the cloud.

Therefore, in Sec. 2.3, we further review techniques for estimating surface normals, which

motivates one of our research topics.

2.1.4 3D Gaussian Splatting (3DGS)

3D Gaussian Splatting (3DGS) [91] employs anisotropic 3D Gaussian primitives to explicitly

represent volumetric density, which determines how light is scattered in a 3D scene. 3DGS

achieves real-time rendering with state-of-the-art visual quality, making it suitable for var-

ious domains such as Simultaneous Localization and Mapping (SLAM) [90] and Artificial

Intelligence Generated Content (AIGC) [44].

Since 3DGS is closely related to one of the projects presented in this thesis, we first in-

troduce the technical principles of the original 3DGS in this section. Subsequently, we re-

view the 3DGS literature from two perspectives: Fundamental Enhancements, which fo-

cus on improving the efficiency and photorealism of the original 3DGS framework; and

Structured Variants, which incorporate geometric constraints or structural representa-

tions (e.g., grids or hierarchical models) to extend the capability of 3DGS.

Technical Principles. 3DGS represents the 3D scene using a collection of Gaussians, each

defined as a density function in R3:

G(x) = exp

{
−1

2
(x −µ)TΣ−1(x −µ)

}
∝N (µ,Σ)(2.2)

where µ is a center position (mean), and Σ denotes a 3D covariance matrix. To model scene

appearance, each Gaussian is associated with an opacity α ∈ [0,1], and a view-dependent

color c , which is parameterized with a set of Spherical Harmonics coefficients (SHs) {y m
l ∈

R3}−l≤m≤l
0≤l≤lmax

[50].
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The interaction of a ray with a Gaussian can be characterized by integrating the Gaus-

sian’s density function G(x). This leads to an efficient imaging model that projects Gaus-

sians into 2D image space, resulting in 2D Gaussians with covariance calculated as:

Σ′ = JW ΣW T J T ,(2.3)

where W denotes the transformation from world space to camera space, and J is the Jaco-

bian for an affine approximation to the projective transformation [241].

To query the color of a pixel at location x ′ ∈R2 on image P, a sorted list L of contributing

Gaussians is determined based on their depths. The color of this pixel is then computed as

follows:

P(x ′) = ∑
i∈L

c iα
′
i

i−1∏
j=1

(1−α′
j ),(2.4)

where c i is the color of the i -th Gaussian, and α′
i is the opacity contributed by the Gaussian,

computed by:

α′
i =αi exp

{
−1

2
(x ′−µ′

i )TΣ′−1
i (x ′−µ′

i )

}
,(2.5)

where αi and µ′
i denote the learnable opacity and the projected center of the i -th Gaussian,

respectively.

Using images from known camera poses, the parameters of the Gaussians are adjusted

to align rendered and observed images PGT by minimizing the photometric loss:

minimize
α,µ,c ,Σ

Lphoto(P,PGT).(2.6)

The covariance matrix Σ is parameterized by a quaternion q and a 3D vector s, through a

change of variables defined as:

Σ= RSST RT ,(2.7)

where R and S are the rotation and scaling matrices derived from q and s.
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Fundamental Enhancements on Storage and Computational Efficiency. Improving stor-

age and computational efficiency is a key focus in the development of Gaussian Splatting

(GS) techniques. In 3DGS, millions of Gaussian primitives are often required to represent

a scene. This typically demands gigabyte-level storage for a single unbounded scene, and

while 3DGS is computationally faster than Neural Radiance Fields (NeRFs), it still faces effi-

ciency challenges. To address these, several works have introduced methods such as vector

quantization (VQ) [39] to compress Gaussian parameters effectively.

One foundational work, Compact3D (C3D) [136], applies K-means quantization to cre-

ate codebooks, where Gaussian parameters are replaced by corresponding entries in the

codebook. This method significantly reduces storage memory, achieving a compression

rate of 10–20 times. C3DGS [138] builds on this by using sensitivity-aware K-means [172]

and the DEFLATE compression algorithm [31], further improving the compression ratio to

up to 31 times with minimal visual quality degradation.

Another line of work focuses on compressing the color parameters, specifically the spher-

ical harmonic (SH) coefficients. LightGaussian [42] reduces SH complexity through model

distillation and pseudo-view augmentation, lowering the degree of SH representation. Fur-

thermore, subsequent research [84] introduces offline clustering to pre-identify and re-

move redundant Gaussian primitives based on their spatial proximity and contribution to

the rendered image, achieving enhanced efficiency.

For rendering pipeline acceleration, DISTWAR [33] identifies performance bottlenecks

caused by atomic operations during rasterization and proposes optimizations to mitigate

them. Additionally, GSCore [97] introduces a hardware acceleration unit tailored to Gaussian-

based rendering, streamlining the sorting and rasterization processes, which are typically

the most time-consuming stages.

Fundamental Enhancements on Photorealism. Photorealism in 3DGS has also been sig-

nificantly improved through advancements in filtering and rendering techniques. Mip-
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splatting [231] addresses sampling rate limitations by incorporating a Gaussian low-pass

filter. This design follows Nyquist’s theorem and dynamically adjusts the frequency of 3D

Gaussians based on the maximum observed sampling rate. It also replaces traditional 2D

dilation filters with a 2D Mip filter, approximating a box filter to reduce aliasing and dilation

artifacts. Unlike Mip-splatting, which focuses on training-time modifications, SA-GS [182]

introduces a 2D scale-adaptive filter during the test phase. This filter is compatible with

any pre-trained 3DGS model, making it a flexible post-processing enhancement.

Further research addresses challenges in rendering complex scenes. For instance, Re-

lightable 3D Gaussian (R3DG) [54] employs bidirectional reflectance distribution function

(BRDF) decomposition and ray tracing to enable realistic and efficient relighting. DeblurGS [141]

tackles the problem of blurred 3D scenes caused by camera pose inaccuracies. It estimates

6-DoF camera motion and synthesizes corresponding blurry renderings to optimize sharp-

ness in 3D scenes.

Structured Variants. The original 3D Gaussian Splatting (3DGS) represents scenes using

unorganized Gaussian primitives, which poses challenges for efficient storage and accel-

eration. To address this, recent work has explored structured variants of 3DGS that incor-

porate spatial organization to improve both storage efficiency and computational perfor-

mance. Scaffold-GS [121] introduces a sparse grid of anchor points to organize local 3D

Gaussians. Attributes stored on these anchor points are dynamically converted into Gaus-

sians based on the viewer’s pose, enabling efficient storage. This approach also employs

multi-resolution voxel grids with strategies for growing and pruning anchors, thereby im-

proving structural adaptability to varying scene complexities.

Level-of-Detail (LOD) techniques, widely used in computer graphics, balance visual

quality and computational efficiency by varying scene detail based on factors such as view-

ing distance. Several studies have adapted LOD principles for 3DGS: CityGaussian [114]

partitions scenes into cubic blocks, each compressed and represented at varying levels of
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detail. The appropriate level of detail is selected dynamically for each block depending on

the viewer’s distance. Hierarchical-GS [92] organizes 3D Gaussians into a tree-based struc-

ture, allowing independent optimization of hierarchical levels. Octree-GS [163] utilizes an

explicit Octree structure combined with an accumulative LOD strategy, accelerating ren-

dering and reducing storage requirements.

Surface Modeling. A large body of literature focuses on the integration of surface rep-

resentations, typically with the subsequent goal of extracting surfaces (e.g., meshes) or di-

rectly constructing hybrid representations. This is because mesh-based representations re-

main the preferred choice in many workflows due to their compatibility with robust tools

for editing, animation, and relighting.

DreamGaussian [187] evaluates density values at grid nodes using a mixture of neigh-

boring Gaussians and extracts isosurfaces via the Marching Cubes algorithm [120]. How-

ever, the resulting density fields often fail to capture accurate surface geometry, particularly

in complex scenes. NeuSG [15] combines NeuS [201] and 3DGS models with a regulariza-

tion term that aligns Gaussian orientations with surface normals predicted by NeuS. This

joint optimization improves surface quality but requires significantly extended training

times. SuGaR [62] incorporates signed distance function (SDF) values to regularize Gaus-

sian positions, aligning them with surfaces. The resulting Gaussians are treated as point

clouds for Poisson Surface Reconstruction.

Recent methods improve surface reconstruction by reformulating the representation of

Gaussians to better encode surface-aware geometry and facilitate mesh extraction. Gaus-

sianSurfels [28] flatten each 3D Gaussian into a 2D ellipse by setting its z-scale to zero,

so that the local z-axis consistently acts as the surface normal direction. It introduces a

self-supervised normal-depth consistency loss, applies volumetric cutting to remove out-

lier depth samples, and fuses depth maps via screened Poisson reconstruction to produce

a mesh. Gaussian Opacity Fields (GOF) [233] define a continuous opacity field based on
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explicit ray-Gaussian intersections, allowing direct identification of the surface level set

without requiring Poisson surface reconstruction or TSDF fusion. GOF approximates nor-

mals using the orientation of the ray-Gaussian intersection plane and extracts mesh geom-

etry via Marching Tetrahedra [173]. 2D Gaussian Splatting (2DGS) [75] replaces volumetric

Gaussians with oriented planar Gaussian disks that serve as view-consistent surface ele-

ments. It renders them using perspective-accurate ray-splat intersections instead of affine

approximations, and incorporates depth distortion and normal consistency regularization

to produce fast, noise-free mesh reconstruction.

2.1.5 Occupancy Field

Neural implicit representation (INR) has emerged as a powerful paradigm for modeling

3D geometry, where a neural network is treated as a continuous function mapping spa-

tial queries to shape attributes. Due to its differentiable and compact nature, INR can be

seamlessly integrated into learning-based frameworks.

One classic form of INR is the occupancy field, which represents a scene using a con-

tinuous neural function that takes 3D coordinates as input and outputs a scalar occupancy

probability, indicating whether a point lies inside or outside a shape. IM-Net [20] and Occu-

pancy Networks (OccNet) [127] are two pioneering works that represent 3D shapes as occu-

pancy functions using neural networks. Both approaches achieve generalization across the

dataset “ShapeNet” [12] by conditioning the MLPs with an additional global shape latent

code, which can be extracted using a CNN with image input [20] or a PointNet with point

cloud input [127]. Many works have focused on improving latent code construction, such as

using hypernetworks [177–179] or gradient-based meta-learning methods [18]. While most

approaches rely on supervised settings, some methods extend occupancy models to unsu-

pervised learning. For example, [142] infers occupancy fields from sparse points by employ-

ing a margin-based uncertainty measure to sample the decision boundary and encourage
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alignment between the boundary and the input point cloud. Recently, [211] and [76] em-

ployed a data-dependent kernel to model the occupancy field, which is then predicted as a

linear combination of this kernel. These methods can learn a good inductive bias for gen-

eral 3D reconstruction instead of catering to a specific dataset.

Although implicit representations are well-suited for learning-based frameworks, ex-

plicit triangle meshes remain the preferred format in many practical applications such as

rendering and simulation. However, extracting explicit meshes from occupancy fields is

challenging. Applying Marching Cubes [120] to a binary occupancy function often leads to

staircase-like artifacts due to the discrete nature of the representation. One straightforward

way to mitigate such artifacts is to smooth the occupancy values, as suggested in works

like [21, 98]. Discrete Indicator Function (DIF) and Contouring DIF [40, 82, 124] attempt

to relax binary occupancy by representing it as the fraction of each cell contained within

the object. Multiresolution Isosurface Extraction (MISE) [127] improves mesh extraction

by iteratively refining mesh vertices toward the surface using gradient descent. Recently,

Occupancy-Based Dual Contouring (ODC) [81] introduces a more advanced approach by

leveraging continuous occupancy information to better capture sharp features. Building on

the Manifold Dual Contouring framework [170], ODC uses auxiliary 2D points along with

grid edge points to compute local surface normals, which help identify 3D grid cell points

through the quadric error function. This method avoids reliance on distance fields while

effectively preserving sharp features and improving surface quality.

2.1.6 Signed Distance Function (SDF)

The Signed Distance Function (SDF) is a widely used representation for watertight shapes

and surfaces of 3D objects. Similar to an occupancy field, SDF takes 3D coordinates as input

but outputs the distance to the nearest surface, where the sign indicates whether the point

lies inside (negative) or outside (positive) the object.
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DISN [221] and PIFu [166] are pioneering approaches that leverage image features to

construct neural implicit representations. These methods associate 3D query points with

image features through projection, predicting the signed distance of the query points us-

ing MLPs. DeepSDF [145] extends the SDF framework to generalize across datasets such

as ShapeNet [12] by incorporating a global shape latent code, enabling interpolation and

reconstruction of diverse object shapes. SDF-2-SDF [180] builds on DeepSDF by learning

direct mappings between SDF representations of different shapes, allowing for high-quality

shape interpolation and editing.

MV-DeepSDF [116] combines multi-view supervision with the SDF representation, achiev-

ing improved generalization and high-quality 3D reconstruction from multi-view images.

VolSDF [226] integrates signed distance functions with volumetric rendering to produce

high-quality reconstructions under multi-view settings. SDF is often used as an interme-

diate representation for multi-view reconstruction pipelines, where techniques like differ-

entiable isosurface extraction [174] and differentiable rendering [134] enable end-to-end

learning of meshes and underlying SDFs. As radiance fields gain popularity, methods such

as NeuS [104, 201, 205] adopt SDF as an intermediate representation, transforming it into

density fields within the NeRF (Neural Radiance Field) pipeline. This approach allows the

extraction of meshes while also modeling view-dependent appearance for high-quality re-

construction and rendering.

In shape generation, LAS-Diffusion [237] introduces a diffusion-based framework en-

hanced by a view-aware local attention mechanism, improving the controllability and gen-

eralizability of generated 3D shapes. By taking 2D sketch images as input, LAS-Diffusion fa-

cilitates image-conditioned generation, meeting detailed design and artistic requirements.

Shap-E [86] directly generates implicit function parameters, including those for SDFs and

NeRFs. Despite the higher dimensional complexity of its output space, Shap-E achieves

faster convergence and produces high-quality results, expanding the scope of implicit rep-
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resentation techniques.

For articulated shapes, Articulated SDFs (A-SDFs) [132] introduce disentangled latent

spaces for shape and articulation, allowing adjustments at test time and expanding SDF

applications from static to dynamic models. AutoSDF [130] further enhances SDF capa-

bilities by using autoregressive shape priors for 3D shape completion, reconstruction, and

generation, demonstrating robustness in multi-modal 3D tasks.

2.1.7 Neural Radiance Field (NeRF)

Neural Radiance Field (NeRF) [128] is a significant advancement in 3D reconstruction.

Thanks to the differentiable volume rendering initially proposed by Neural Volumes [119],

NeRF can achieve photorealistic novel view synthesis using only calibrated images as su-

pervision. The technical details of NeRF will be further elaborated in the preliminary sec-

tion (see Sec. 5.2), as it forms the foundation of one of our proposed methods.

Because of NeRF’s rendering quality and flexibility, NeRF has inspired a large collection

of follow-up work. Mip-NeRF [3] extends the original NeRF by rendering conical frustums

instead of rays, reducing aliasing and improving the fine details of the rendered results.

Mip-NeRF 360 [4] further uses a non-linear scene parameterization to improve perfor-

mance on unbounded scenes. Another stream of work aims to reduce the reliance on accu-

rate poses of images [109, 193, 208], and even to conduct pose estimation given an unseen

image [110]. These works have boosted recent NeRF-based SLAM systems [183, 240], which

contain real-time pose-free NeRFs. Furthermore, there are some few-shot NeRFs that con-

duct novel view synthesis from sparse input. The challenges induced by sparse input are

addressed by transfer learning from large-scale datasets [14, 229], depth supervision [29], or

incorporating regularizations during training [140, 223]. A notable research stream bridges

Neural Radiance Fields (NeRF) to Signed Distance Functions (SDFs) [104, 188, 201, 206].

Representative work such as NeuS [201] models the scene as an SDF and performs unbi-
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ased approximation of the weight function used in volume rendering, thus enabling the

training process similarly to NeRF.

One major challenge of NeRF is its efficiency in rendering, mainly due to the time-

consuming MLP forward passes for a large number of query points along the rays. Exist-

ing methods for improving rendering and training speed can be mainly divided into three

categories. The first category focuses on reducing the sampling points by incorporating a

learnable module to determine suitable sample locations [95, 111, 153]. The second cate-

gory replaces the MLP with explicit or hybrid representations, which are distributed param-

eterizations of a scene. Specifically, Plenoxels [50] and PlenOctrees [228] adopt fully explicit

voxels to store the scene’s information, where querying can be done via trilinear interpola-

tion. DVGO [185] uses a hybrid representation consisting of a dense voxel grid and a shal-

low MLP. While being efficient to render and optimize, these grid-based representations

might lead to large model sizes. Therefore, Instant-NGP [133] uses a hashing technique to

reduce the storage costs of voxels. TensoRF [13] decomposes the feature grid into vector

and matrix factors to achieve greater compactness. Inspired by TensoRF, other low-rank

representations such as tri-plane [47] and Sparse Tri-Vector [57] have also been explored

recently. The third category of methods [19, 227] represents NeRF using triangle meshes,

which enjoy the efficiency of standard polygon rasterization and rendering pipelines.

Another promising extension of NeRF is Dynamic NeRFs, which aim to build a time-

varying radiance field to reconstruct dynamic scenes. As this scope is more relevant to our

research project, we review this direction separately in Sec. 2.2.

2.2 Dynamic Neural Radiance Fields

There has been a growing interest in developing dynamic NeRFs for scenes where objects

are moving or undergoing deformation. Advancements in this field successfully model dy-

namic scenes from synchronized multi-view videos [113, 119, 199] and even monocular
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videos [45, 154, 191].

The first category of methods learns a time-conditional radiance field by adding a tem-

poral input to the static radiance network or constructing a 4D volume [52, 53, 105, 215].

Methods that employ a time-conditional neural network produce completely different ra-

diance and density fields at different time steps, may lead to a severely under-constrained

problem. These methods typically require additional supervision or regularization, such as

depth and optical flow (as in Video-NeRF [215] and NSFF [105]), or by incorporating multi-

view observations [103]. Recently, the factorization of 4D volumes [10, 48] has yielded more

efficient and less redundant representations, enabling more efficient training.

Another series of methods, known as deformable NeRFs [45, 67, 113, 146, 154, 191], de-

couple the model into a deformation field and a static canonical radiance field. The most

commonly used technique in this category is backward deformation, which maps current

3D points back to a canonical space. While straightforward and efficient, this technique can

struggle with motion inconsistencies in topologically complex scenes. Subsequent works

such as [147, 181] have sought to address these challenges. On the other hand, [68] rec-

ognizes the discontinuity issues of the backward deformation and proposes using forward

deformation instead. Nonetheless, challenges such as mapping ambiguity [195] in the de-

formation field still persist, especially when modeling empty space.

2.3 Surface Normal Estimation

Normal estimation is an essential task in 3D scene understanding. The simplest and best-

known approach is to fit a least-squares local plane using principal component analysis

(PCA) [73]. Although this method is efficient and well-understood, it is sensitive to noise

and density variations and tends to smoothen sharp details [129]. To address these chal-

lenges, some techniques were proposed to achieve more robust estimation, such as Voronoi

cells [126], distance-weighted approaches [150] and algebraic spheres’ fitting [63]. 3F2N [41]

31



CHAPTER 2. LITERATURE REVIEW

is a fast and accurate normal estimator performing three filtering operations on an inverse

depth or a disparity image. However, both these traditional methods still depend heavily

on the hyper-parameters like neighbourhood size.

Researchers have applied data-driven deep neural networks widely in 3D shape analy-

sis. In particular, we can group existing models for normal estimation into three categories

depending on the data sources.

Based on Image. This kind of work takes a single depth/color image or both as in-

put and then performs the pixel-wise normal estimation. For a single RGB image, Eigen

et al. [36] designed a three-scale convolution network to produce better results than tradi-

tional methods. Bansal et al. [2] and Zhang et al.[236] adopted the skip-connected structure

and U-Net structure to improve performance. Recently, GeoNet++ [157] uses two-stream

CNNs to predict both depth and surface normal maps from a single RGB image. Zeng et

al. [235] presented a hierarchical fusion scheme for RGB-D data in a deep learning model

and reached state-of-the-art performance.

The common challenge for these image-based methods is the low data efficiency, which

means the training procedure requires a large amount of labelled surface normals [100]. In

contrast, the point-based approach can improve data efficiency due to the explicit use of

intrinsic 3D structure in supervised learning.

Based on Point Cloud. Another group of methods perform 3D scene understanding

with point cloud only. Those methods usually use PointNet backbone [155] or Graph neu-

ral networks (GNNs) [214] to handle unstructured 3D points. Earlier attempts on normal

estimation task came from [64]. They use PointNet architecture to extract local 3D shape

properties from multi-scale patches of a point cloud. Nesti-Net [6] designed an extra mod-

ule that learns to decide the optimal scale and hence improves performance. IterNet [99]

uses graph neural network to model an adaptive anisotropic kernel that iteratively pro-

duces point weights for weighted least-squares plane fitting. Recently, a series of geometry-
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guided methods [5, 101, 239] achieve state-of-the-art performance by combining tradi-

tional methods with deep learning based layers like Cascaded Scale Aggregation [239] and

graph-convolutional layers [101].

It is worth mentioning that the point cloud data used above is mainly gathered from

small CAD objects or indoor depth cameras. These point clouds have an even and relatively

high density. But In outdoor scenes like urban environments, The heavy interference of the

passive illumination [43] usually makes those active depth sensing solutions fail. In distant

areas with low resolutions and small triangulation, stereo methods become less accurate.

Hence, LiDAR has become the dominating reliable depth solution in the outdoor environ-

ment. However, the point cloud gathered from LiDAR is generally sparse, with noise and a

nonuniform point density. Due to the limitations of LiDAR data and the complexity in an

outdoor environment, approaches suitable for a dense indoor dataset are often incapable

of estimating accurate normals for outdoor data.

Based on Multimodal Fusion. Various works combine image and LiDAR data to com-

plement each other, ensuring reliable perception in challenging environments. The major-

ity of these studies focus on 3D object detection and segmentation tasks [94, 167]. Nonethe-

less, few investigations have focused on estimating normals from images and sparse point

clouds. Closely related to this field, DeepLiDAR [161] projects LiDAR scans onto the image

plane to construct a sparse depth map, and then feed both the depth map and color image

to a CNN-based encoder-decoder for normal estimation.

2.4 Summary

This chapter provides a review of existing 3D scene representations and reconstruction

techniques, including explicit methods (e.g., point clouds, voxels, meshes, and 3D Gaus-

sian Splatting) and implicit methods (e.g., occupancy fields, signed distance functions, and

Neural Radiance Fields). We examined the strengths and limitations of each representa-
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tion, particularly their ability to model complex surfaces and dynamic scenes. Additionally,

we explored advancements in surface normal estimation and dynamic NeRFs, which are

closely related to this thesis.

We identify a critical gap in surface reconstruction from LiDAR scans: the inherent spar-

sity and noise in raw point clouds make it difficult to estimate reliable surface normals,

which are essential for downstream mesh reconstruction. While existing methods rely on

normal estimation as an intermediate step, they often fail due to missing or ambiguous

local geometry. This motivates our first research work: to leverage multi-modal sensor fu-

sion for improving normal estimation, an area that remains largely underexplored in the

literature (see Section 2.3).

We identify another key limitation in the recent explicit method 3D Gaussian Splat-

ting (3DGS): despite its strength in radiance modeling, it lacks structural organization and

struggles to produce accurate and consistent surfaces. Prior attempts to extract meshes or

enforce geometric constraints often rely on post-processing or auxiliary modules, which

limit end-to-end training and efficiency. This motivates our second research work: to de-

sign a more effective information pathway that directly supervises the learning of Gaus-

sians and meshes (see Section 2.1.4).

We further identify challenges in dynamic scene reconstruction using implicit repre-

sentations: although they support flexible and high-quality modeling, their lack of explicit

geometric structure hinders interpretability and computational efficiency. These limita-

tions motivate our third research work: to incorporate explicit geometric priors into im-

plicit representations, enabling more structured and physically meaningful scene model-

ing (see Section 2.2).

In the following chapters, we elaborate on these three research works, providing de-

tailed discussions of our proposed methodologies and their technical implementations.
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3
SURFACE NORMAL ESTIMATION ENHANCED BY SEMANTICS

3.1 Background

Decoding interesting 3D geometric information of an environment using observations from

a specific viewpoint is challenging. The primary difficulty arises from the inherent insuffi-

ciency of information to capture a 3D scene from one viewpoint. For example, image pixels

lack depth information and are subject to perspective ambiguity. On the other hand, indi-

vidual points in a point cloud contain the distance to the ego-device in 3D space. However,

the 3D points are unorganized. The topological and geometrical information of the sur-

faces is not directly available.

Surface normal estimation has proven valuable across a variety of computer vision and

robotic applications such as odometry and mapping [65, 196], and 3D reconstruction [77,

89]. In the context of autonomous driving, point clouds with precise normal vectors enrich

the understanding of urban environments’ spatial relationships. Mid-level surface normal

estimation enhances tasks’ interpretability and reliability compared to raw point clouds.

For instance, decisions for collision avoidance become more comprehensible when based
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Figure 3.1: Semantic information in related regions can help estimate surface normals. The
figure shows estimation of normal in two regions R1: faraway, R2: near. R1 is more chal-
lenging due to sparse 3D points. The estimation can be assisted by visual information in
close/related regions (light green boxes). This figure is best viewed in color.

Figure 3.2: Normal estimation on KITTI data. (top) LiDAR scans projected to images. (bot-
tom) Surface normal estimated by Hybrid Geometry Transformer.

on predicted distances to object surfaces. We consider the problem of estimating the nor-

mal vectors of object surface from point clouds. The classical regression-based methods [73]

formulate surface normal estimation as a least-squares optimization problem. However,

traditional methods could easily become fragile in real scenarios because they are sensi-

tive to noise and manually selected parameters. Recently, learning-based techniques have

demonstrated promises to outperform traditional methods [64, 101, 239]. However, these

methods are primarily designed for uniform, dense point clouds derived from scanned or

synthetic objects. As a result, their applicability to more realistic scenarios, such as those
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involving LiDAR scans obtained by vehicles, is often limited.

In real-life LiDAR scans, points are not uniformly distributed, leading to significant

challenges in geometry reconstruction. Specifically, scan points in areas of interest are of-

ten scarce, particularly in mid-to-long range fields. As the distance from the device in-

creases, the scan becomes sparser, often resulting in incomplete or missing surfaces. On

the other hand, an image provides a high-resolution, dense pixel array representation of the

scene, inherently containing rich geometric information. Such images also imply the scene

geometry – biological and machine vision can perform effective geometric inference from

images. Therefore, our primary motivation is to leverage this rich semantic information

inherent in images to assist in the recovery of surface normal vectors from point clouds.

The normal of a point on a smooth surface is directly determined by a small neighbor-

ing area. Theoretically, one only needs to collect sufficient points of a small region around

a point x to recover the corresponding normal vector nx . However, there can be few mea-

sured 3D points close to x . One may turn to image information and fusion-based tech-

niques [94]. This is useful when the local texture is sufficient to extract desirable scene in-

formation from the observation, but it has limited use for reconstructing detailed geometry

of surfaces lacking salient visual cues. To overcome this limitation, regions not necessarily

in immediate proximity to x can also contribute valuable information.

Fig. 3.1 illustrates an example. The masked regions R1 and R2 are both on road surfaces.

R2 is closer to the device, containing more LiDAR points. The surface geometry could be

directly computed using these points in R2. In contrast, a small neighborhood may contain

only one or a few points in R1. No reliable geometric information can be directly extracted

from the small set of scan points. However, if one considers the image regions marked by

green boxes, the geometry in R1 could be implied by the visual information:

Q: “What could be a flat surface lying between two buildings and supporting a

vehicle beside it?"
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A: “Perhaps a patch of road."

A naive approach would be adopting convolutional operators to extract local features

from the sensory data to represent relevant geometric information, including variants of

sparse or graph-based local operators [222]. However, determining the scale of a “local”

area at every point on a manifold is a non-trivial task. And manually crafted procedures

also tend to be fragile to deal with complex geometric structures.

Prior to this work, we conducted an in-depth investigation into how capsule networks

(CapsNet) encode structured representations of data and how their routing mechanisms

influence model fitting and generalization [107]. This study highlighted the advantage of

preserving part-whole relationships and disentangled local structures within data repre-

sentations. The insight that richer intermediate representations can improve downstream

interpretability and adaptation inspires our integration of semantic cues into surface nor-

mal estimation. By combining multi-modal features and attentional reasoning, the current

method extends the structural modeling ideas of CapsNet into the 3D geometric domain.

To automatically identify and utilize relevant information in the sensory data, this work

presents the following insights and innovations:

• We present a transformer neural network-based model, Hybrid Geometry Transformer

(HGT), to extract geometric information and estimate normal vectors from hybrid

data (Fig. 3.2).

• We propose an effective training technique for self-attention nets on large-scale out-

door data.

• We release a data collection toolkit for the Urban environment built on the Unity 3D

platform.

• The evaluation results show that HGT outperforms previous methods. Furthermore,

the tests on KITTI benchmark reveal that our method has excellent generalization.
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3.2 Method

Figure 3.3: Mechanism of representing geometric information in an attention block. i) To-
kens from multi-modal inputs (specifically, fused features from RGB images and LiDAR
point clouds) are transformed into an association matrix A, where each row determines
how a specific position collects information from others. See Section 3.2 for details. ii) Es-
timating the normal for a single position (denoted in blue), another position (denoted in
red) shows high value in the corresponding row in A. iii) Although the blue position has
sparse neighbors, its normal vector can be accurately estimated with auxiliary information
from the red position, which has sufficient neighbors.
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Figure 3.4: The pipeline of estimating surface normal from image and LiDAR points.

This section presents the proposed framework to estimate normal vectors on 3D points

from hybrid observations. Fig. 3.4 shows the workflow of the framework. The pipeline takes

two modalities as input: a sparse LiDAR point cloud and an aligned RGB image. It processes

these inputs to recover the geometric details, specifically the surface normals, which are

otherwise difficult to infer from sparse data alone.
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3.2.1 Problem Formulation

Formally, we define the input point cloud as X = {x i ∈ R3}N
i=1, which is an [N × 3] array

representing the coordinates of 3D points projected onto the image plane. The associated

image is denoted as I ∈RH×W ×3.

The desired output of the model is the surface normal vector ni ∈ S2 for each point

x i . While traditional methods estimate ni using only the local neighborhood Ni ⊂ X, the

sparsity of LiDAR scans often makes Ni insufficient. Therefore, we formulate the task as

learning a mapping function Fθ:

(3.1) nest
i =Fθ(x i ,Ni ,I)

where the function aggregates both geometric structure and visual semantics to predict the

normal vector.

3.2.2 Overview of Hybrid Geometric Transformer (HGT)

As illustrated in Fig. 3.4, the Hybrid Geometric Transformer (HGT) architecture is struc-

tured into three distinct stages:

• Stage 1: Low-level Feature Extraction. This stage processes the raw inputs indepen-

dently to extract rich feature representations. We employ a U-Net to extract semantic

features fi mg from the image, a PointNet-based Geometric Module to capture local

3D structures fg eo from the point cloud, and a Positional Embedding module for spa-

tial encoding fpos .

• Stage 2: Token Construction. This stage fuses the multi-modal features from Stage

1. The image, geometric, and positional features are concatenated and projected to

construct a unified sequence of tokens, which serves as the input for the subsequent

attention mechanism.
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• Stage 3: Surface Normal Estimation. This is the core computation stage. It utilizes a

Transformer Encoder with self-attention mechanisms to capture long-range depen-

dencies among the tokens. The transformer allows the model to collect information

from semantically related regions, which is complimentary to the local data. Finally,

a prediction head regresses the unit normal vector from the encoded tokens.

3.2.3 Low-level features

Figure 3.5: Architecture of U-Net [165].

As shown in Fig. 3.4, low-level features are descriptors of the 3D points, carrying three

pieces of information: local image content, local point cloud geometry and location.

For each 3D point x i , a neighborhood Ni is extracted based on a Euclidean distance.

The following image and geometric features at the neighbor points will be aggregated to

produce a descriptor φ(x i ) at x i .

φ(x i ) ← R
(
{ f j | j ∈Ni }

)
(3.2)

f j ←φ f use

( )
f i mg ( j )⊕ f g eo( j )⊕ f pos( j )(3.3)

where the operator R performs a reduction. In this work, we employ the Max operation. In

(3.3), a feature vector f j is the result of fusing (e.g. using a MLP φ f use ) three-component
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features: i) image feature f i mg , ii) geometric feature f g eo and iii) encoded positions f pos .

The image and geometric features are derived from widely applied techniques as follows.

The image features are computed at each image pixel using a U-Net fully convolutional

structure [165] as shown in Fig. 3.5. The U-Net is known for its capability to extract locally

semantic information from an image. The hourglass structure enables the net to utilize the

information at multiple scales to make predictions. The attribute is desirable for the mo-

tivation of utilizing semantics to make the normal estimation more robust. An additional

advantage is the flexibility regarding input size, making it more generalizable.

It is worth noting that our framework does not require explicit semantic segmentation

labels or pre-trained models. The U-Net is initialized from scratch and optimized in an

end-to-end manner, guided solely by the supervision of the final surface normal estima-

tion. This allows the network to automatically learn latent visual features, such as edges,

textures, and object parts. The features are relevant for inferring the underlying 3D geome-

try.

Specifically, the U-Net encodes the raw image I ∈ RH×W ×3 into feature map f i mg ∈
RH×W ×Ci mg . Then we obtain f i mg ( j ) ∈RCi mg by taking the feature vector from the 2D posi-

tion where the 3D point x j is projected, utilizing the known Camera-LiDAR calibration.

The geometric features at 3D points are computed using an MLP structure derived from

the PointNet++ [156]. At each 3D point x j , j ∈Ni , we first apply a coordinate normalization

x̂ j = x j −x i

and the geometric feature vector is computed by an MLP φg eo : R3 7→ RCg eo shared by all

points.

The location of a point is encoded by positional embedding layers φpos , which employ

MLP structures as well. Following the common practice of encoding 2D coordinates in im-

age processing [32], we encode every point’s 3D spatial information in the global coordinate

system into RCpos .
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3.2.4 Transformer Encoder and Prediction Head

Figure 3.6: Transformer encoder with three self-attention blocks.

The multi-modal feature extraction and aggregation process described in (3.2) pro-

duces a comprehensive feature vector φ(x i ) ∈ RC for each 3D point x i . All the N points

can result in a matrix of tokens T : [N ×C ]. The transformer encoder comprises three self-

attention blocks. The first self-attention block takes T as input and outputs new tokens T′,

which then serve as the subsequent self-attention block’s input.

Fig. 3.6 provides a detailed illustration of the pipeline. In each block, T is linearly trans-

formed into three tensors Q,K ∈ RN×D , and V ∈ RN×E . Then Q and K are used to represent

the relationship between the tokens. One commonly adopted computational model of the

relation is to take the inner product:

A′ = [
ai , j

]
N×N = QKT(3.4)

A =
[

âi , j∑
k âi ,k

]
N×N

, âi , j =
exp(ai , j )∑
k exp(ak, j )

(3.5)

where the normalization operation in (3.5) is following the practice of [66]. The entry ai , j

represents how token i in Q is related to the reference token j in K and V.

The model then conducts a matrix multiplication AV for internal feature combinations

between tokens. The combined tokens are passed into a Feed Forward layer followed by
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batch normalization and residual connection. Finally, the layer outputs new tokens T′ serv-

ing as the next self-attention block’s input.

Following the self-attention blocks, an MLP prediction head φpr ed transforms each en-

coded token into a 3-dimensional vector representing three components of the surface

normal. Finally, we regularise the output to unit 3D vectors to ensure a reasonable surface

normal.

3.2.5 Loss function

The loss function for optimising the neural network model is defined as the mean squared

error (MSE) between the directions of the estimated and the ground-truth normal vectors.

The MSE of the estimations at N points is

L = 1

N

N∑
j
∥nest

( j ) −ngt
( j )∥2

2(3.6)

where nest
( j ) is an estimation by the model and ngt

( j ) is the corresponding ground-truth nor-

mal.

3.2.6 Effective Training of the Attentional Transformer

Batching. The transformer normal estimator is designed to utilize semantic information

across the scene by employing large attentional fields. However, the attention model is ex-

pensive in terms of computation and storage. The attention weight matrix A ∈RN×N in (3.4)

grows quadratically with the fused features, which is prohibitive for a complex scene.

More specifically, fully executing the model on one typical training sample (400× 400

image and 10K points) costs about 6 Gigabytes of GPU memory. The cost is about 4x higher

for a single frame in the real traffic scene in the KITTI dataset. Although straightforward im-

plementation is viable on modern hardware configurations, the sample number in a batch
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Figure 3.7: Making small sample by partitioning point clouds. The LiDAR points are
grouped by the projections on the image into 4 panes. Note the entire image is associated
with each group of the points to make the input sample, not only the visual contents in the
corresponding pane.

during training must be compromised. At the same time, the batch size can affect the ef-

fectiveness of training [168].

For effective training, we partition the point cloud in one frame by grouping the points

according to their projections on the image. For example, Fig. 3.7 (a) shows partitioning the

points into 4 parts. The points of each part make one training sample. Since the input to-

kens of the transformer net correspond to individual points, the partitioned samples make

the size of the weight matrix A decreases quadratically, e.g. from [N ×N ] to [ 1
4 N × 1

4 N ] in the

example shown in Fig. 3.7. Within the storage limit, the batch size can be increased corre-

spondingly, see the right pane of the figure. Increased batch is helpful during the training,

especially when batch normalization is employed.

In this paper, we use 1
16 of each frame’s point cloud, and the batch size is 8. The experi-

mental results in Fig. 3.15 show that our training technique will not lead to a loss of global

sensibility during the testing phase. Furthermore, this technique can also be used in the

testing phase if the range of scene observation is too extensive.
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Synthetic data. Measuring normal vectors is difficult in practical applications. And most

real-world datasets do not contain annotations of the ground-truth normal vectors. A toolkit

is developed to produce synthetic data by simulating a city scene in a realistic 3D renderer

environment. Artificial cameras and LiDAR devices are planted in the scene. We construct

a customized shader to synthesize the normal vectors at points on object surfaces. Data

samples are collected in the same form as the actual sensors. More importantly, labels (col-

ors, depth, surface normals) are easily acquired from the simulator. Details about how data

is synthesized can be found in the next section. We use this dataset to train and evaluate

our model.

Experiments have shown that the model trained only on synthetic data has been able to

generalize to practical datasets and obtain impressive results. Further improvement could

be achieved if we use real-world data to fine-turn our model.

3.3 Experiments

This section presents the experimental results of the proposed technique. We first intro-

duce how the synthetic data has been constructed. We then evaluate our model on this

dataset and compare it with other existing works. We add different levels of noise into the

data to test whether our model is robust. The model trained on the synthetic dataset is also

applied to the real-life KITTI dataset [58]. The KITTI dataset does not contain ground-truth

normal vectors at the LiDAR points. Hence the estimated normal vectors are used for 3D

reconstruction to assess the estimation.
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3.3.1 Data Synthesis

We exploit Unity 3D [69] as a simulator and rendering engine to collect data. We first build

a high-quality outdoor scene based on the package “POLYGON CITY"1 on Unity 3D Assert

Store. It contains vehicles, cyclists, pedestrians, and necessary lighting configurations. The

Figure 3.9: Observations rendered by shaders in the 3D rendering engine.

Figure 3.10: LiDAR points’ projection of KITTI and our synthetic data.

Figure 3.8: Scene and movement setup for data collection.

Production note: This figure is not included in 
this digital copy due to copyright restrictions. 

1https://assetstore.unity.com/packages/3d/environments/urban/polygon-city-low-poly-3d-art-by-
synty-95214
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CHAPTER 3. SURFACE NORMAL ESTIMATION ENHANCED BY SEMANTICS

scene can be easily changed to others according to practical needs. Our efforts mainly focus

on the data collection after setting up a scene. More specifically, we develop in the following

aspects.

Sensors and Shaders: The sensors we place in the simulator include a color camera,

depth camera and normal sensor. The depth sensor is utilized to produce LiDAR points in

the latter process. As shown in Fig. 3.8 (a), we place these sensors on the roof of the car. We

can render the sensor observations by developing engine shaders for the three sensors, as

shown in Fig. 3.9.

LiDAR acquisition: We find that the LiDAR projections to the image are mostly uni-

form. Therefore we take the lower rectangular region of the image and evenly sample rays

passing through the image pixels to simulate projected LiDAR points. Note the points are

distributed evenly on the image, but not in the 3D scene. The density has been made com-

parable to that in the KITTI dataset. Fig. 3.10 compares the sampling of the LiDAR points

between the synthetic and KITTI datasets.

We then apply the designed mask to the given depth map from the sensor. Finally, the

synthetic LiDAR scans can be obtained via inverse projection using camera intrinsic. Un-

like other simulators, which spend a lot of time and computational cost on simulating real

LiDAR using ray tracing, we simulate LiDAR directly from the depth map.

Dataset generation: With the communication interfaces provided by ML-Agent [85],

we deploy scripts in Unity and an external Python-based controller, respectively.

We follow the preset path shown in Fig. 3.8 (b) and collect 151 frames’ observations (121

for training, 30 for testing), which contain images with size 400×400, sparse LiDAR points

in view, and points’ surface normal ground truth. For convenience, we export the projec-

tion relationship arrays between LiDAR points and pixel index and the camera projection

matrix.

To evaluate the robustness of the model, we also add different levels of noises to the
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Figure 3.11: Frequency polygon of errors on the synthetic dataset. Each pane corresponds
to varying noise levels. The horizontal axis denotes the range of errors, while the verti-
cal axis indicates the number of points with specific estimation errors. The vertical axis
is truncated between 0-12K to emphasize the ‘long tail’ effect, which differentiates the per-
formance of various methods.

LiDAR data. Note that we only add a numerical drift to the z-coordinate (in front of the

camera) of the LiDAR point cloud. The noises follow the settings in [6, 64], see Fig. 3.11.

3.3.2 Implementation Details

We implement our model using PyTorch [149] on a NVIDIA RTX 5000 GPU. We adopts

Adam [93] as optimizer with learning rate 1e−4, β1 = 0.9, β2 = 0.999. All models are trained

for 200 epochs from randomly initialized parameters.

In the low-level features extraction, for each point, we randomly select 60 neighbors,

and the radius of the spherical query is 0.75. If there are fewer points within the sphere,

we will pad the results with the querying point itself. We have implemented a lightweight

network architecture to enhance computational and storage efficiency. Specifically, we uti-

lize a 2-layer MLP for both geometric feature extraction φg eo , positional embedding φpos ,

multi-modal feature fusion φ f use , and prediction head φpr ed . The transformer encoder in

our model comprises three self-attention blocks.
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Figure 3.12: Qualitative comparison on synthetic dataset.

3.3.3 Test on Synthetic Data

3.3.3.1 Evaluation Metric

To compare two directions, we consider directly measure the angles between the vectors.

The following trigonometric evaluation is computed.

(3.7) dangle =
1

N

N∑
j

arccos(
|nest

( j ) ·ngt
( j )|

|nest
( j )||n

gt
( j )|

)

where nest
( j ) is an estimation by the model and ngt

( j ) is the corresponding ground-truth normal

vector. This angle difference is consistent with MSE in (3.6).
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Table 3.1: Average angle error on synthetic dataset. This table also includes an ablation
study showing results when two key components are removed from our final HGT model.

Method
Noise Level

0 0.0025 0.012 0.024

PCA [73] 39.27 40.10 42.80 44.06
PCPNet [64] 10.50 15.94 19.50 20.83
AdaFit [239] 7.20 11.12 16.07 17.89
GraphFit [101] 6.91 10.41 14.90 17.01
HSurf-Net [102] 7.34 11.05 16.18 18.10

Ours (w/o image) 10.56 12.54 13.60 14.67
Ours (w/o transformer) 8.49 10.42 11.31 11.41
Ours (full) 8.18 9.61 10.36 11.38

Table 3.2: Comparison of time and space efficiency. This table shows the average time re-
quired to process one frame in KITTI dataset.

Method Time #.params

PCPNet [64] 354ms 3.47M
AdaFit [239] 1167ms 3.53M
GraphFit [101] 6401ms 4.26M
HSurf-Net [102] 1231ms 2.16M

HGT (Ours) 86ms 1.83M

3.3.3.2 Performance

We compare our method with other baseline methods [64, 101, 102, 239], each trained us-

ing the same train/test data (121 frames for training, 30 frames for testing; 4 noise levels).

Additional settings including the number of training epochs (200) and the number of points

in local patches (60), are aligned with those used in HGT to ensure a fair comparison.

Tab. 3.1 lists the average angular errors for a numerical comparison. In zero-noise data,

the performance of HGT is comparable to that of state-of-the-art methods, with a minor

deviation of less than 1.5°. The superiority of HGT becomes significant as noise levels es-

calate. This distinction in robustness will impact performance in real-world urban data, as

demonstrated in subsequent tests.
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Figure 3.13: Qualitative results on the KITTI dataset.

In Fig. 3.11, we analyze the distribution of estimation errors across all LiDAR points.

Specifically, we segment the error range (0-90°) into 60 bins and count the number of points

falling within each bin. The distributions reveal that as noise levels increase, the estima-

tions of other methods shift towards the tail (indicating a high error), whereas our method

maintains a relatively low and flat tail. Fig. 3.12 further visualizes some of the estimated

surface normal maps for qualitative comparison.

The report does not include the results of DeepLiDAR [161] since its pure CNN-Based

architecture can not converges well on our small dataset (only 121 images and point clouds).

This also reveals that our hybrid structure is more effective in handling multi-modal data.

3.3.4 generalization Test on KITTI

In this experiment, we use the real-world dataset KITTI [58] to investigate the model gen-

eralization. Given a frame of LiDAR scans and camera observations of KITTI, we first com-

pute and save the point-to-pixel projection mapping with calibration parameters provided

by the dataset. Then we directly feed the KITTI frames into HGT for surface normal estima-

tion.

For comparison, we also illustrate the surface normal maps produced by two recent
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Figure 3.14: Evaluation on 3D reconstruction task. Alpha Shapes represents a point-only
reconstruction method, while the others perform Screened Poisson Surface Reconstruction
(SPSR) [89] utilizing their respective estimated surface normals.
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CHAPTER 3. SURFACE NORMAL ESTIMATION ENHANCED BY SEMANTICS

Figure 3.15: Visualization of attention weights produced by HGT using the synthetic
dataset. White cross markers indicate the positions for normal estimation. Note that we
are testing six distinct positions on the same frame.

methods and the classical PCA as in Tab. 3.1. Both methods are trained on the same syn-

thetic dataset from Section 3.3.3 without additional fine-tuning.

The results are shown in Fig. 3.13. HGT has generalized surprisingly well, given that

no fine-tuning has been conducted on the KITTI dataset. Compare the estimated normal

vectors of the road surface in Fig. 3.12 for a specific example.

3.3.5 Application on 3D Reconstruction

Given the estimated normal vectors at the one-frame LiDAR points from the KITTI dataset,

we reconstruct the 3D scene using Screened Poisson Surface Reconstruction (SPSR) [89].

The 3D reconstruction could serve as an intuitive criterion to compare the normal estima-

tion methods. We also include comparisons to reconstruction w/o normals.

As shown in Fig. 3.14, the point-only method can lead to many mesh holes and is un-

suitable for handling practical sparse LiDAR data. The Poisson Reconstruction technique

can recover a continuous surface with the help of surface normals. By comparison, we can

find that our model outperforms in 3D reconstruction as the quality of the reconstructed

model significantly relies on the accuracy of the surface normals.

3.3.6 Additional Experiments

Ablation studies. To verify the effectiveness of multi-modal information, we train our

model using only point cloud data by disabling the U-Net branch. The results in Tab. 3.1
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Figure 3.16: Visualization of attention weights produced by HGT using the KITTI dataset.
In the left subfigures, red cross markers indicate the positions for normal estimation. In the
right subfigures, regions associated with high attention weights are depicted with greater
opacity.

demonstrate that incorporating image input reduces average angle error by approximately

3°.

To investigate how the transformer structure helps to recover the surface normal, we

replace self-attention blocks with a PointNet structure. Specifically, an MLP and max pool-

ing operation is applied to tokens and then generates a global feature. We concatenate this

global feature to all tokens and pass them to the estimation head. The ablation results can

also be found in Tab. 3.1, revealing that the transformer does bring a performance improve-

ment.

Efficiency evaluation. To assess the efficiency of our method and verify its practical ap-

plicability, we count the number of model parameters and measure the average inference

time required to process a single frame in the KITTI dataset. We conduct the same evalu-

ation with other methods for comparison. Due to the out-of-memory issue encountered

with AdaFit and GraphFit, we divided a single frame into 16 batches for all methods. As

shown in Tab. 3.2, our method demonstrates a significant advantage in terms of both effi-

ciency and model size.

55

Production note: This figure is not included in 
this digital copy due to copyright restrictions. 



CHAPTER 3. SURFACE NORMAL ESTIMATION ENHANCED BY SEMANTICS

Attention behavior visualization. A key aspect of our design involves establishing con-

nections between semantically related regions, even if they are far away in space. This ca-

pability can be confirmed by visualizing runtime attention maps generated by our trained

model. Specifically, we create heatmaps utilizing rows of matrix A in (3.5) derived from the

model’s inference process.

Fig. 3.15 is produced using the synthetic dataset, showing that areas of interest are com-

prehensively considered for normal estimation at an individual position. Furthermore, this

characteristic has been successfully generalized to the KITTI dataset without additional

fine-tuning, as shown in Fig. 3.16. For instance, in Fig. 3.16 (a), the distant points on the

road aggregate information from numerous points across the entire road for geometric re-

covery, which is originally challenging due to the sparsity of the neighboring LiDAR scans.

3.4 Summary

This chapter presents a model that employs an attention mechanism for information fu-

sion, with a specific application in estimating surface normals. We have also developed a

comprehensive toolkit for data collection and a novel batching technique, both of which

enable efficient and effective model training. Multiple evaluations have been conducted,

revealing that our model consistently delivers superior performance on both synthetic and

real-world data. A limitation of HGT is that the estimation is at where the LiDAR point is

available.
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4
3D GAUSSIAN SPLATTING WITH EXPLICIT SURFACE MODELING

4.1 Background

Mesh is often the preferred choice in numerous geometry processing scenarios, as it carry

explicit surface information. When building a 3D scene model that includes a mesh, it

is challenging to directly learn from visual observation due to the complicated pipeline

required to produce the synthetic views. Recently, neural surface reconstruction meth-

ods [201, 227] have been developed to represent scene geometry as an implicit signed dis-

tance function (SDF). These methods establish a connection with Neural Radiance Fields

(NeRFs) [128], enabling effective image-based supervision for geometry learning. However,

the geometry is learned indirectly, as it involves converting the SDF to a radiance field. Ad-

ditionally, NeRF-based learning requires expensive ray-marching in the volumetric render-

ing. These factors lead to efficiency challenges in learning geometry and appearance.

3D Gaussian Splatting (3DGS) [91] has recently gained popularity due to its ability to

render photorealistic images significantly faster than NeRFs. 3DGS employs an explicit rep-

resentation called Gaussians, which represent anisotropic ellipsoids in 3D space. Gaussians
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Figure 4.1: The Gaussians and the underlying surface did not align well in the original
3DGS [91], whereas our hybrid representation explicitly restricts the Gaussians to the mesh
faces. Our method benefits from the high-quality rendering of 3DGS and the controllability
of a mesh.

enable efficient rendering due to their explicit nature and the highly parallelized splatting

procedure. Despite the advantages in rendering quality and speed, it is not straightforward

to reconstruct object surfaces in the traditional form of Gaussians. This is because the 3DGS

model imposes no explicit constraints on the structure of the Gaussians. As illustrated in

Fig. 4.1, Gaussians that result in visually appealing rendering may be geometrically inac-

curate – they can be inconsistent with any 2D manifold. Recently, some methods have in-

corporated regularization into the learning process of 3DGS. NeuSG [15] refines Gaussians

using surface normals estimated by a jointly trained NeuS model [201], which notably in-

creases the training time. SuGaR [62] encourages Gaussians to align with the surface and

subsequently converts them into a point cloud for Poisson Surface Reconstruction. Once a

coarse mesh is extracted, an additional stage is required to learn surface appearance from

scratch using a new set of Gaussians. This two-stage pipeline may introduce efficiency

problems. It is worth noting that similar issues are encountered in existing downstream

applications [46, 56, 83, 159], which perform meshing and Gaussian training separately.

These challenges motivate us to design a more effective information pathway to supervise

the learning of scene representations.

In this work, we present a technique to explicitly bind Gaussians to mesh faces, enabling
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their simultaneous learning. Specifically, the mesh is extracted from a learnable SDF of ob-

jects using differentiable marching techniques. The 3D Gaussians are then constructed as

disks that are regularly attached to the mesh faces, as shown in Fig. 4.1 (b). Since the 3DGS

model is bound to the zero-level set of the SDF representing object surfaces, the photo-

metric supervision applied to the 3DGS model simultaneously guides the reconstruction

of both the appearance and geometry of a scene. In addition, we model the background el-

ements using the original 3DGS, which is jointly learned with our proposed surface-bound

Gaussians. This approach makes our method more practical compared to existing meth-

ods that require inconvenient foreground masks [134, 174]. As the mesh faces vary during

training, the Gaussians dynamically bound to them struggle to learn per-Gaussian colors

as effectively as in the original 3DGS. To address this issue, we employ a neural network to

learn the scene’s appearance and predict Gaussian colors for rendering.

Extensive experiments show that our method achieves state-of-the-art rendering accu-

racy and produces high-quality meshes in indoor and outdoor scenes. Furthermore, it re-

duces total reconstruction time by 50% compared to recent methods and is over 10x faster

than methods that rely on Neural SDFs and NeRFs [104, 201]. We also demonstrate that our

method has a unique advantage in adapting to scene updates compared to other two-stage

methods [62, 197].

In summary, our contributions are as follows:

• We present a framework for directly learning scene representations with mesh and

Gaussian-based appearance in an end-to-end manner, while ensuring explicit align-

ment and correspondence between Gaussians and mesh faces.

• We propose a technique to model background appearance, extending the applicabil-

ity of differentiable mesh extraction methods to outdoor scenes without the need for

foreground masks.
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• We introduce neural appearance model that predicts Gaussians colors, enhancing

the robustness of the optimization process.

4.2 Preliminary

4.2.1 3D Gaussian Splatting

3D Gaussian Splatting (3DGS) [91] represents the 3D scene using a collection of Gaussians,

each defined as a density function in R3:

G(x) = exp

{
−1

2
(x −µ)TΣ−1(x −µ)

}
(4.1)

where µ is a center position (mean), and Σ denotes a 3D covariance matrix. To model scene

appearance, each Gaussian is associated with an opacity α ∈ [0,1], and a view-dependent

color c , which is parameterized with a set of Spherical Harmonics coefficients (SHs) {y m
l ∈

R3}−l≤m≤l
0≤l≤lmax

[50].

The interaction of a ray with a Gaussian can be characterized by integrating the Gaus-

sian’s density function G(x). This leads to an efficient imaging model that projects Gaus-

sians into 2D image space, resulting in 2D Gaussians with covariance calculated as:

Σ′ = JW ΣW T J T ,(4.2)

where W represents the current viewing transformation, and J is the Jacobian for an affine

approximation to the projective transformation [241].

To query the color of a pixel at location x ′ ∈R2 on image I, a sorted list S of contributing

Gaussians is determined based on their depths. The color of this pixel is then computed as

follows:

I(x ′) = ∑
i∈S

c iα
′
i

i−1∏
j=1

(1−α′
j ),(4.3)
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where c i is the color of the i -th Gaussian, and α′
i is the opacity contributed by the Gaussian,

computed by:

α′
i =αi exp

{
−1

2
(x ′−µ′

i )TΣ′−1
i (x ′−µ′

i )

}
,(4.4)

where αi and µ′
i denote the learnable opacity and the projected center of the i -th Gaussian,

respectively.

Using images from known camera poses, the parameters of the Gaussians are adjusted

to align rendered and observed images IGT by minimizing the photometric loss:

minimize
α,µ,c ,Σ

Lphoto(I,IGT).(4.5)

The optimization variables for covariance matrix Σ include a quaternion q and a 3D vector

s, which relate to the objective through a change of variables:

Σ= RSST RT ,(4.6)

where R and S are the rotation and scaling matrices derived from q and s.

4.2.2 Signed Distance Function

To incorporate geometry into a learning process, one of the major challenges is to design

an appropriate computational procedure that produces observables (e.g., images) from the

geometry model. The procedure should be efficient and allow the passing of supervision

information so that the geometry model to be learned can be optimized with respect to the

observables. For example, in traditional computer graphics, the rendering process involves

a rasterization step that sorts the geometry primitives by depth, which is not differentiable.

At pixels on the occluded sides, changes in vertex locations lead to discontinuities in pixel

values and photometric loss, making geometry learning difficult.

Various intermediate representations have been proposed to address this issue. The

Signed Distance Function (SDF) is a scalar field that defines the distance from any point
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Figure 4.2: Method Overview. The mesh is derived from a learnable SDF grid using a dif-
ferentiable marching algorithm. Gaussians are created from the mesh faces, ensuring their
alignment with the surface. A neural appearance model determines colors for Gaussians,
which are then used to render an image.

in space to the nearest surface of an object. The sign of the distance indicates whether the

point is inside or outside the object. Formally, given a point x in 3D space, the SDF value is

defined as:

(4.7)

where d(x ,∂Ω) is the Euclidean distance from x to the surface ∂Ω of the object Ω.

Directly learning a mesh from images is challenging. A common paradigm is to opti-

mize an parameterized SDF and then extract a triangle mesh approximating the level set

of that function. Notable examples include recent works that use differentiable marching

techniques [134, 174, 209] and the conversion from SDF to neural radiance fields [104, 201,

205].

4.3 Method

The proposed method aims to obtain a set of Gaussians that strictly align with object sur-

faces. To achieve this, we introduce a hybrid representation that fuses the strengths of two

explicit modalities. The triangle mesh acts as the explicit geometry backbone. The explicit

representation enables useful geometric operations such as topology or manifold check, or
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Figure 4.3: Parametric signed distance function (SDF) representation and its differentiable
influence on mesh geometry. The SDF values at the eight grid nodes (colored squares) serve
as learnable parameters. For any location inside the cell, its SDF value is obtained by tri-
linear interpolation from these parameters. Increasing a node’s value (blue, top) shifts the
interpolated zero-level set, thus moving the extracted mesh vertex (black) and altering the
generated face.

physics applications such as collision detection. The 3D Gaussians function as a volumet-

ric appearance skin attached to the mesh surface. Unlike flat textures, this volumetric skin

captures complex near-surface visual effects.

As illustrated in Fig. 4.2, our method includes modular differentiable steps, allowing the

model to learn from images as in the original 3DGS. Let the 3D scene of interest be within

a region U ⊂R3. The model consists of:

1. a scalar field of signed distance function D : U 7→ R, which relates locations to the

presence of objects;

2. a triangle mesh G = (V ,F ) derived from D , where vertices V = {v 1, . . . , vV } ⊂ R3 and

faces F = { f 1, . . . , f F }, with each f denoting a triplet of indices within [1, . . . ,V ];

3. a constrained 3DGS model where the Gaussians are attached to the faces in F ;

4. a neural appearance model, which maps a Gaussian center to spherical harmonics

coefficients.
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4.3.1 Problem Formulation

Given a set of multi-view images, our goal is to jointly reconstruct the explicit geometry and

view-dependent appearance. To enforce structural consistency, we propose a constrained

3DGS model where the Gaussians are explicitly attached to the faces in F . Specifically, the

triangle faces correspond to the zero-level set of D . We strictly constrain the center µk of

each Gaussian to reside on this surface and parameterize its covariance to ensure the prim-

itive lies within the geometry of the corresponding triangle face. The appearance is param-

eterized by a neural model Φ that maps the center µk to spherical harmonics coefficients.

The reconstruction is formulated as optimizing the parameters of D and Φ to minimize

photometric error:

(4.8) min
D,Φ

∑
Lphoto(R({gk }), Ig t ) s.t. µk ∈ ∂Ω,

where R denotes the differentiable splatting rasterizer and ∂Ω = {x|D(x) = 0} represents

the implicit surface. This formulation ensures that the photometric supervision simultane-

ously optimizes the explicit surface and the appearance model.

4.3.2 Signed Distance Function and Differentiable Mesh Computation

The geometry of the scene consists of object surfaces, represented as the zero-level sets

of the signed distance function, denoted by {x |D(x) = 0}. We represent D using an explicit

format: for a set of points {xn}N
n=1, which correspond to the nodes of a regular 3D grid, the

function values {sn}N
n=1 are specified. For a generic location x , D(x) is computed by inter-

polation from the eight nodes of the grid cell enclosing x . Therefore, the value set {sn}N
n=1

forms a parametric representation of D . Fig. 4.3 illustrates how a grid cell determines a

mesh face through a parametric representation

Given the SDF, the object surfaces are implicitly defined by its zero-level set. However,

a practical 3D scene model requires explicit geometry to be incorporated into the com-
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putational pipelines for rendering and learning. A traditional method to recover a discrete

surface representation for a given SDF is the Marching Cubes algorithm [120], which re-

sults in a triangle mesh consistent with a 2D manifold. In contrast, this work involves not

just recovering a surface but also learning the SDF. This requires the model to adjust the

SDF parameters {sn}N
n=1 to make the resultant surfaces vary according to desired updates.

Therefore, we adopt the recently proposed FlexiCubes [174] as the differentiable surface

extractor.

To initialize the SDF, we train the original 3DGS model for only 20,000 steps to obtain a

set of Gaussians, whose center positions are treated as a point cloud. We then employ Al-

pha Shapes [34] to extract a coarse mesh and make it watertight [78], which is subsequently

used to construct an SDF grid. Our approach differs from others [134, 174] that randomly

initialize the SDF, which can cause an OOM issue when the scene becomes large. Thanks to

the fast optimization and the discrete nature of 3DGS, we are able to capture the coarse ge-

ometry in only 5–20 minutes. This initialization naturally preserves the background Gaus-

sians for later joint optimization.

Additionally, we address two substantial challenges of modeling outdoor and realistic

scenes when learning the SDF: (1) For real-world scenes, especially unbounded outdoor

environments, the scale of the background (R3 \U ) is significantly large and costly to repre-

sent using an explicit mesh unified with the foreground U . Existing methods often manu-

ally exclude the background using known foreground segmentation masks [134, 174]. This

approach is inconvenient in practice, and visual modeling of the background is still nec-

essary for tasks such as scene image synthesis. (2) As the scale of U increase, the memory

required to execute differentiable marching algorithms grows significantly.

We address challenge (1) by incorporating an additional set of Gaussians to handle the

visual components from the background. Specifically, we construct background Gaussians

GS bg = {αk ,µk ,c k ,Σk } using the original form of 3DGS. Due to their explicit nature, GS bg
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can be directly combined with the foreground Gaussians GS fg attached to the mesh (de-

tailed in the next section), enabling rendering and training.

For challenge (2), we apply two schemes in the use of the SDF grid to mitigate the stor-

age and computational demands, thus enabling a larger scale of U :

Visible Node Optimization During each training iteration, only the scene elements within

a single camera’s viewing frustum are learning. Therefore, we extract mesh faces only from

the visible grid nodes in {xn}N
n=1 using the camera’s intrinsic and extrinsic parameters. Specif-

ically, the visible subset is calculated by:

{x̂m} := {
xn

∣∣NDC(xn) ∈ [−1,1]3} ,(4.9)

where NDC(xn) is the transformation from world-space coordinates xn to their normal-

ized device coordinates (NDC) via the projection matrix. The marching algorithm is only

applied to cells whose eight corner nodes are within {x̂m}.

Coarse-to-fine Grid Starting with a high-resolution grid can lead to redundant faces, caus-

ing unstable learning and memory issues. To address this, we begin with a low-resolution

grid and progressively increase the resolution during training. The resolution is enhanced

by linearly interpolating between the nodes of the current grid and the refined grid.

Given the bounding box (BBox) with size (Lx , Ly , Lz) that tightly encloses the fore-

ground region U , and an expected cell count C , the cubic cell size of the SDF grid is set

to (Lx/s)× (Ly /s)× (Lz/s), where s =p
[ 3]Lx ·Ly ·Lz/C . During optimization, we perform 4

coarse-to-fine operations, incrementally increasing the cell count by 1.5× each step until

the target count C is reached.

4.3.3 Gaussians Consistent with Scene Geometry

As shown in Fig. 4.4 (a), we employ K Gaussians to represent the surface appearance within

a triangle (v 1, v 2, v 3), where K depends on desirable level of detail.
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2

Figure 4.4: Sub-figure (a) shows using K = 1,3,6 Gaussians to represent the appearance
of a triangle face, (b) defines a local coordinate frame, and (c) illustrates applying linear
transformation M to let Gaussians adapt to the irregular triangle. See Sec. 4.3.3 for more
details.

The centers of the Gaussians are placed at specific barycentric coordinates within the

triangle. Let these barycentric coordinates be ξ1, . . .,ξK ∈ S2, where S2 is the 2-simplex: S2 =
{(x1, x2, x3)|xn ≥ 0, x1+x2+x3 = 1}. In the world coordinate system, the center of a Gaussian

is computed as:

(4.10)

Note that although the barycentric coordinates {ξk } are fixed, the centers {µk } depend on

the mesh vertices v 1, v 2, v 3, which in turn depend on the SDF field. The choice of K influ-

ences the barycentric coordinates of the Gaussian centers. For K = 3, we use

ξ1 =
[

(3−
�

3 )/6,(3−
�

3 )/6,
�

3 /3
]

,

ξ2 =
[

(3−
�

3 )/6,
�

3 /3,(3−
�

3 )/6
]

,

ξ3 =
[�

3 /3,(3−
�

3 )/6,(3−
�

3 )/6
]

.
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For K = 6, we use

ξ1 =
[

(3−2
p

3 )/6,(3−2
p

3 )/6,2
p

3 /3
]

,

ξ2 =
[

(3+2
p

3 )/12,(3−p
3 )/6,(3+2

p
3 )/12

]
,

ξ3 =
[

(3−p
3 )/6,(3+2

p
3 )/12,(3+2

p
3 )/12

]
,

ξ4 =
[

2
p

3 /3,(3−2
p

3 )/6,(3−2
p

3 )/6
]

,

ξ5 =
[

(3+2
p

3 )/12,(3+2
p

3 )/12,(3−p
3 )/6

]
,

ξ6 =
[

(3−2
p

3 )/6,2
p

3 /3,(3−2
p

3 )/6
]

.

Before determining the Gaussian covariances, we introduce a local coordinate frame as

illustrated in Fig. 4.4 (b). This frame has its origin at v 1. The axes of the frame are denoted

as t i = t̃ i /∥t̃ i∥, i ∈ {1,2,3}, where

(4.11) t̃ 1 = a ×b, t̃ 2 = a, t̃ 3 = (a ×b)×a,

where a ≡ v 2 − v 1, b ≡ v 3 − v 1, and × denotes the cross product. The rotation matrix from

local space to world space is then R t2w = [t 1, t 2, t 3].

If the angles of a triangle are all close to π/3, the Gaussian covariances in the local co-

ordinate frame can be naturally defined as Σe = diag(ϵ,r 2,r 2), representing a thin layer

of Gaussian surrounding a small area of the surface. The choice of r is empirical: we set

r = ∥v 1 − v 2∥/(2
p

3 +2) for K = 3, and r = ∥v 1 − v 2∥/(2
p

3 +4) for K = 6. For triangles with

a more irregular aspect ratio, where the area is challenging to approximate by a disc, it is

beneficial to apply a linear transformation M on Σe as visualized in Fig. 4.4 (c). Hence, the

covariance matrix in world coordinate system is given by:

Σ= R t2w MΣe M T RT
t2w .(4.12)

The derivation of matrix M is as follows.

In the local coordinate system defined in (4.11), the target triangle is denoted as T =
[v ′

1, v ′
2, v ′

3], and the reference equilateral triangle as E = [v ′
1, v ′

2, v̂ ′
3], where v̂ ′

3 = l ·[0, 1
2 ,

p
3

2 ]T ,
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Figure 4.5: Comparison between two approaches to learn appearance.

with l = ∥v 2 −v 1∥. By solving the equation ME = T , we obtain:

M =


1 0 0

0 1
2v ′(2)

3 −lp
3 l

0 0
2v ′(3)

3p
3 l

 ,(4.13)

where v ′(i )
3 denotes the i -th component of v ′

3.

4.3.4 Appearance Model

In the original 3DGS model, the per-Gaussian colors {c k } are optimized directly because the

Gaussians remain consistent throughout the training process. However, in our framework,

the Gaussians are dynamically constructed from the evolving SDF. Unlike scene geometry,

where gradients from the Gaussian centers {µk } flow back through the same parametric

representation {sn}N
n=1 of the SDF, this dynamic construction makes continuous color opti-

mization difficult.

Specifically, the key challenges we face is the lack of direct connections between Gaus-

sians derived from (Vt ,Ft ) and those from (Vt−1,Ft−1), where t denotes the t-th training

step. A straightforward approach to overcome this would be to compute colors based on

their neighboring Gaussians from the previous step, formulated as c i ,t = 1
|N |

∑
j∈N c j ,t−1,

where c i ,t denotes the color of the i -th Gaussian at step t , and N is the set of neighbors
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based on the Gaussian centers. However, this approach presents two significant drawbacks:

it requires substantial computation due to the neighbor search between two large sets of

Gaussians, averaging colors within a local region might lead to low effectiveness in learning

scene details, as shown in Fig. 4.5 (b).

To address these challenges, we introduce a neural appearance model, A : R3 7→ Rd ,

with d representing the number of the used Spherical Harmonics coefficients. At each step,

we determine the color as c =A (µ) for the Gaussian centered at µ. Thus, the appearance of

Gaussians depends on the learnable parameters within A , which remain consistent during

training.

We implement A using hash-grid positional encoding [133] and a lightweight MLP

to enhance efficiency and achieve a compact and continuous representation, inspired by

NvdiffRec [134]. This neural appearance model can be robustly learned, even as the mesh

faces changes from (Vt−1,Ft−1) to (Vt ,Ft ). Fig. 4.5 illustrates the experimental compari-

son between the two approaches. The neural appearance model can achieve nearly 40x

speed-up and better learned details than the straightforward nearest neighbor searching

approach.

It is worth noting that this coordinate-based neural representation inherently enforces

spatial consistency. Since the MLP acts as a continuous function mapping spatial coordi-

nates to visual attributes, Gaussians attached to spatially neighboring mesh faces naturally

acquire similar appearance features without requiring explicit adjacency constraints. Si-

multaneously, the multi-resolution hash-grid encoding enables the model to capture high-

frequency variations, allowing for sharp transitions at object edges (e.g., boundaries be-

tween different semantic regions) driven purely by photometric supervision. This design

eliminates the need for auxiliary semantic inputs, as the explicit mesh topology and the

implicit continuity of the neural field essentially provide sufficient regularization.

Additionally, we set the opacity to α= 1 to avoid semi-transparent faces.
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4.3.5 Rendering and Optimization

As the Gaussians we construct retain the same form as those in the original 3DGS, we em-

ploy the same method defined in Eq. (4.3) for rendering an image. For scenes with a back-

ground, the rendered Gaussians include both the Gaussians derived from the mesh and the

additional background Gaussians. Our method relies only on photometric supervision and

utilizes the loss function:

L = (1−λ)L1 +λLD−SSI M ,(4.14)

where λ is a weighting factor, and L1, LD−SSI M represent standard L1 and D-SSIM metrics

for comparing the rendered image against the ground truth.

Upon the convergence of the mesh and appearance model, we fix the topology defined

by faces F and proceed to jointly refine the vertices and the associated 3D Gaussians. Dur-

ing this phase, Gaussian centers continue to be derived from the face vertices using es-

tablished barycentric coordinates. However, for covariance and color, we adopt a different

approach since we can optimize a consistent set of Gaussian attributes during this phase.

Specifically, we sample the spherical harmonics (SHs) from the appearance model A and

make them a learnable, per-Gaussian variable as in the original 3DGS. Moreover, the Gaus-

sian covariance is parameterized into learnable 2D scaling ŝ ∈ R2 and a complex number

ai +b representing rotation, which are similar to the process in SuGaR [62]. It should be

noted that this process is optional, as in many cases, the quality of the learned geometry

and appearance without refinement is already satisfactory.

4.4 Experiments

In this section, we first detail the implementation across different stages and describe the

datasets used for evaluation.
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To assess the effectiveness of our method, we compare it with models that specialize

in novel view synthesis and surface reconstruction tasks, respectively. Note that the mesh

is not used in the rendering of our method. Instead, it serves more as a constraint, ensur-

ing that the Gaussians are aligned with the mesh to faithfully represent the geometry while

also reproducing the scene’s appearance. We will demonstrate that, even with this con-

straint, our model can approximate or even surpass the performance of models without

these constraints.

Furthermore, we showcase potential applications in object manipulation, and then dis-

cuss the adaptability to scene updates and ablation studies in the method analysis section.

4.4.1 Implementation details

The proposed method is implemented using PyTorch and the rasterization toolkit from

3DGS [91]. Experiments are conducted on an RTX3090 GPU with 24GB memory.

4.4.1.1 Joint Learning of Mesh and Gaussians

The resolution of the used SDF grid depends on the scene. For Mip-NeRF360 scenes, we use

1503 to 2503 grid cells for the foreground, attaching 3 Gaussians to every face. For NeRF-

Synthetic scenes, we use 1003 grid cells and attach 3 Gaussians to every face. For the ap-

pearance model, we adopt an MLP with 2 hidden layers, each comprising 32 neurons. This

stage requires 10k iterations for optimization, totally using 15-30 minutes.

4.4.1.2 Refinement

Before the refinement stage, we perform subdivision and decimation on the mesh to unify

the number of faces (0.1M for single objects, 0.5M for real-world scenes). We attach 6 Gaus-

sians to each face and compute their covariances and colors using the adaptive Gaussian
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Table 4.1: Per-scene quantitative comparisons on NeRF-Synthetic dataset [128].

Method
Chair Drums Ficus Hotdog

PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓
without mesh
NeRF [128] 33.00 0.967 0.046 25.01 0.925 0.091 30.13 0.964 0.044 36.18 0.974 0.121
Plenoxels [50] 33.98 0.977 0.031 25.35 0.933 0.067 31.83 0.976 0.026 36.43 0.980 0.037
3DGS [91] 35.82 0.987 0.012 26.17 0.954 0.037 34.83 0.987 0.012 37.67 0.985 0.020

with mesh
NVdiffRec [134] 31.60 0.969 0.034 24.10 0.916 0.065 30.88 0.970 0.041 33.04 0.973 0.033
NeuManifold [209] 34.39 0.981 0.014 25.39 0.939 0.072 31.91 0.978 0.028 35.69 0.979 0.036
NeRF2Mesh [188] 34.25 0.978 0.031 25.04 0.926 0.084 30.08 0.967 0.046 35.70 0.974 0.058
SuGaR-15K [62] 35.13 0.983 0.014 25.44 0.943 0.057 32.75 0.982 0.018 36.67 0.980 0.021
Ours 35.40 0.986 0.013 25.75 0.952 0.041 34.01 0.986 0.014 36.80 0.985 0.018

Method
Lego Materials Mic Ship

PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓
without mesh
NeRF [128] 32.54 0.961 0.050 29.62 0.949 0.063 32.91 0.980 0.028 28.65 0.856 0.206
Plenoxels [50] 34.10 0.975 0.028 29.14 0.949 0.057 33.26 0.985 0.015 29.62 0.890 0.134
3DGS [91] 35.69 0.983 0.016 30.00 0.960 0.034 35.34 0.991 0.006 30.87 0.907 0.106

with mesh
NVdiffRec [134] 29.14 0.949 0.042 26.74 0.923 0.060 30.78 0.977 0.024 26.12 0.833 0.080
NeuManifold [209] 34.00 0.977 0.024 26.69 0.924 0.115 33.40 0.986 0.012 28.63 0.875 0.168
NeRF2Mesh [188] 34.90 0.977 0.025 26.26 0.906 0.111 32.63 0.979 0.038 29.47 0.875 0.138
SuGaR-15K [62] 34.87 0.981 0.015 27.86 0.944 0.046 34.81 0.989 0.008 29.22 0.880 0.103
Ours 34.94 0.982 0.016 27.93 0.950 0.043 34.89 0.991 0.007 28.32 0.883 0.121

construction and appearance model, with minimal impact on model performance. The re-

finement process consists of 5-10k iterations and requires 10-20 minutes.

4.4.2 Datasets and Metrics

The NeRF-Synthetic dataset [128] includes 8 scenes with 360° viewpoint settings of im-

ages. Besides testing novel view synthesis on this dataset, we quantitatively evaluate re-

constructed surfaces using the provided ground-truth mesh. We also evaluate our method

on 7 of the 9 real-world scenes in the Mip-NeRF360 dataset [4], excluding Flowers and Tree-

hill due to licensing restrictions. The strategy for splitting subsets for training and testing

follows that of 3DGS [91].

For novel view synthesis, we employ the standard PSNR, L-PIPS, and SSIM metrics. In

the surface reconstruction task, we compute the Chamfer Distance (CD) between the ex-

tracted mesh and the ground truth.
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Figure 4.6: Qualitative comparisons with baseline methods (SuGaR [62], NeRF2Mesh [188])
on the NeRF-Synthetic [128] and Mip-NeRF360 dataset [4].
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Table 4.2: Quantitative comparisons on Mip-NeRF360 dataset [4].

Method
Indoor scenes Outdoor scenes All scenes

PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓
without mesh
Plenoxels [50] 24.83 0.766 0.426 22.02 0.542 0.465 23.62 0.670 0.443
INGP-Base [133] 28.65 0.840 0.281 23.47 0.571 0.416 26.43 0.725 0.339
3DGS [91] 30.41 0.920 0.189 26.40 0.805 0.173 28.69 0.870 0.182

with mesh
NeRFMeshing [162] 23.83 - - 22.23 - - 23.15 - -
BakedSDF [227] 27.06 0.836 0.258 - - - - - -
NeuManifold [209] 27.16 0.813 0.316 - - - - - -
NeRF2Mesh [188] - - - 22.74 0.523 0.457 - - -
SuGaR-15K [62] 29.43 0.910 0.216 24.40 0.699 0.301 27.27 0.820 0.253
Ours 29.33 0.910 0.193 25.17 0.754 0.237 27.54 0.843 0.212

Table 4.3: Per-scene quantitative results on Mip-NeRF360 dataset [4].

Metric Bicycle Bonsai Counter Garden Kitchen Room Stump Mean

PSNR 24.18 31.47 27.16 26.41 28.96 29.71 24.91 27.54
SSIM 0.722 0.945 0.888 0.829 0.898 0.908 0.712 0.843
LPIPS 0.260 0.175 0.212 0.161 0.162 0.221 0.291 0.212

4.4.3 Novel View Synthesis

We first evaluate our method on the novel view synthesis task. Tabs. 4.1 and 4.2 present the

quantitative results on NeRF-Synthetic and Mip-NeRF360 datasets. Tab. 4.3 includes the

per-scene results on Mip-NeRF360 dataset [4].

To ensure a fair comparison, we employ a white background for the NeRF-Synthetic

dataset. Our approach is compared against various recent methods, including those with

reconstructed mesh and those without.

For the NeRF-Synthetic dataset, our method achieves state-of-the-art rendering quality

among methods reconstructing a mesh, and even outperforms some models that solely fo-

cus on rendering quality. Furthermore, there is only a slight decrease in performance com-

pared to the original 3DGS [91]. For the Mip-NeRF360 dataset, our method is comparable

to or surpasses the state-of-the-art methods [62, 188]. Fig. 4.6 includes qualitative compar-
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isons between images rendered by our method and the baselines, demonstrating that our

method captures better scene details.

Figure 4.7: Qualitative comparisons of reconstructed meshes with SuGaR [62] on the NeRF-
Synthetic [128] and Mip-NeRF360 [4] datasets.
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Table 4.4: Quantitative Evaluation of Mesh Quality and Efficiency on the NeRF-
Synthetic [128] dataset.

Method CD (10−3) #Faces PSNR Train Time

NVdiffRec [134] 8.15 80k 29.05 52 mins
NeRF2Mesh [188] 5.06 192k 31.04 46 mins
SuGaR-15K [62] 8.62 1000k 32.09 103 mins
Ours (w/o refine) 8.50 141k 27.68 16 mins
Ours 7.27 100k 32.26 28 mins

‘CD’: Chamfer Distance between the ground truth and reconstructed meshes.

4.4.4 Surface Reconstruction

Although our focus is on efficiently learning a hybrid representation that ensures alignment

between Gaussians and mesh faces, the surfaces reconstructed by our method are of high

quality. In Fig. 4.7, we visualize the reconstructed meshes and their normal maps, compar-

ing our method against the baseline. The results demonstrate that our method effectively

captures the surface details of a scene, whereas SuGaR [62] may produce floating patches

and holes in the mesh.

For a quantitative evaluation of the meshes, we compare the reconstructed mesh to

the ground truth from the NeRF-Synthetic dataset using the Chamfer Distance (CD) met-

ric. The computation method follows NeRF2Mesh [188], where 2.5M points are sampled

from the surfaces of both the ground truth and the reconstructed object through ray cast-

ing. For a more comprehensive assessment, Tab. 4.4 presents the CD results, the number

of faces, the rendering PSNR, and the training time. The results demonstrate that our re-

constructed meshes achieve both high quality and training efficiency. Additionally, our

Gaussian-based appearance model enables high-quality rendering even with fewer faces

compared to NeRF2Mesh.

Furthermore, the learned mesh without refinement is already of satisfactory quality.

This indicates that for applications requiring only an untextured mesh, our method can

produce excellent results very efficiently, with a training time of just 16 minutes.
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Figure 4.8: Object deformation by hybrid representation of mesh and Gaussians. We em-
ploy four Blender modifiers to manipulate the mesh, subsequently render perspectives us-
ing the bound Gaussians.

4.4.5 Object Deformation by Hybrid Representation

As discussed in our introduction section, the hybrid representation not only benefits from

the high-quality and efficient rendering of Gaussians but also offers the convenience of ma-

nipulation through the mesh. To demonstrate the potential applications of this work, we se-

lected object deformation tasks for testing. Specifically, we deform the learned mesh using

four common mesh modifiers (Twist, Stretch, Bend, and Taper) in Blender and correspond-

ingly adjust the bound Gaussians using the technique described in Sec. 4.3.3. We then use

the Gaussian-based rasterization to render images of the deformed object, as shown in Fig.

4.8. More advanced operations, as explored in [55, 83], are also compatible with the repre-

sentation we have obtained.

4.4.6 Method Analysis

4.4.6.1 Efficiency

We assess our method’s efficiency by comparing the average time taken to reconstruct

scenes from the NeRF-Synthetic and Mip-NeRF360 datasets. Both our method and the

baseline methods are tested under identical hardware conditions. The results in Tab. 4.5
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4.4.6.2 Adaptability in Scene Updates

One unique feature of our method is the simultaneous learning of topology (defined by

mesh faces) and Gaussians. In contrast, the existing method, SuGaR [55, 62, 197], separates

the learning of topology and Gaussians, as the mesh extraction process (Poisson Surface

Reconstruction) is non-differentiable for Gaussian rasterization. In practice, when part of

the scene requires updating, our model can directly adapt to these changes without re-

learning from scratch, whereas the existing method cannot. Fig. 4.9 presents the results of

handling scene updates using our method and SuGaR. Our method successfully updates

the geometry and appearances of the modified regions, while SuGaR struggles to adapt to

new scene geometries with its fixed topology.

4.4.6.3 Ablation Studies

In this section, we examine the impact of three factors: 1) the adaptive Gaussian covariance,

2) the refinement stage, and 3) the number of Gaussians per face. To evaluate the effect

of adaptive Gaussian covariance, we set M in Eq. (4.12) to be an identity matrix. Tab. 4.6
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Figure 4.9: Adaptation to scene updates. (a) Models initially trained on the original scene.
(b) and (c): Models adapted to the updated scene for 500 and 5000 steps, respectively. (d):
The meshes learned on the updated scene.

reveal that our method is not only faster but also provides superior rendering quality.
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Table 4.5: Evaluation on Efficiency. We report the training time and PSNR metric across
different methods.

Method
NeRF-Synthetic [128] Mip-NeRF360 [4]

PSNR↑ Train Time↓ PSNR↑ Train Time↓
NVdiffRec [134] 29.05 52 mins - -
NeRF2Mesh [188] 31.04 46 mins - -
SuGaR-15K [62] 32.09 103 mins 27.27 132 mins
Ours 32.26 28 mins 27.54 61 mins

‘-’ indicates that the method does not have results reported in their paper and fails to
reconstruct all scenes of the dataset using their published codes.

Table 4.6: Ablation studies on adaptive covariance and refinement stage. We report the av-
erage PSNR across all scenes of the NeRF-Synthetic [128] and Mip-NeRF360 [4] datasets.

Adaptive Cov. Refine NeRF-Synthetic [128] Mip-NeRF360 [4]

x ✓ 32.02 27.19
✓ x 27.78 24.44
✓ ✓ 32.26 27.54

Table 4.7: Ablation Study on the Number of Gaussians per Face. This table shows the PSNR
results on the Mip-NeRF360 [4] dataset.

PSNR
Stage-2

#.GS/face=1 #.GS/face=3 #.GS/face=6

St
ag

e-
1

#.GS/face=1 26.80 27.12 27.22

#.GS/face=3 26.89 27.21 27.54

‘Stage-1’: Joint learning of mesh and Gaussian appearance.
‘Stage-2’: Refinement stage that fixes mesh faces.

Note: The table does not include #.GS/face≥6 for Stage-1 due to OOM issues in some
scenes.

shows that both adaptive Gaussian covariance and the refinement stage significantly en-

hance rendering quality.

The choice of the number of Gaussians per face involves a trade-off between compu-

tational consumption and performance. As shown in Tab. 4.7, increasing the number of

Gaussians per face benefits rendering quality. To control the memory footprint and train-
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ing time within an acceptable range while still achieving excellent rendering quality, we

choose 3 Gaussians per face during the joint learning of mesh and Gaussian appearance,

but use 6 Gaussians for the refinement stage.

4.5 Summary

We have proposed a novel learning method to capture comprehensive 3D scene informa-

tion from multiple views. The method simultaneously extracts both the geometry and the

physical properties affecting the observed appearance. The geometry is extracted in the

explicit form of triangle meshes. The appearance properties are encoded in 3D Gaussians

that are bound to the mesh faces. Thanks to the 3DGS-based differentiable rendering, we

are able to establish an effective and efficient learning procedure by directly optimizing the

photometric loss. Experiments verify that the resulting representation enjoys both high-

quality rendering and controllability.
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5
DYNAMIC APPEARANCE PARTICLES NEURAL RADIANCE FIELD

5.1 Background

Physical world is inherently dynamic, where objects undergo continuous motion, com-

plex deformations, and topological changes. The ability to reconstruct and render dynamic

scenes is essential for modeling physical reality. This capability has a wide range of appli-

cations, from immersive virtual reality (VR) and cinematic visual effects to the simulation

of autonomous agents interacting with changing environments. Unlike static reconstruc-

tion, which focuses solely on geometry and appearance, dynamic scene modeling requires

capturing the temporal evolution of these attributes. It is challenging to maintain temporal

consistency and physical plausibility.

Recent advancements in neural radiance fields (NeRFs) [128] have shown remarkable

success in modeling 3D scenes with a continuous representation. These models facilitate

high-fidelity rendering from novel viewpoints without requiring explicit geometry. One of

the most promising extensions is Dynamic NeRFs [113, 154], which aims to model dynamic

scenes by incorporating a time-varying radiance field. There are two primary schemes: di-
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rectly adding a time dimension or introducing a deformation field before the canonical ra-

diance field. The deformation-field scheme separately represents the motion and appear-

ance of a dynamic scene and has gained popularity due to its effectiveness.

Existing models employ an Eulerian formulation for both the deformation and appear-

ance fields. A learnable field model, such as a group of neural networks, uses the 3D Eu-

clidean coordinates as its input query and outputs the desired physical quantities (field

variables). This scheme is effective when the field needs to be defined throughout the entire

Euclidean space, such as when considering the light scattering characteristics over a three-

dimensional scene. However, the Eulerian field representation can be problematic when

the quantities of interest are confined to specific regions or supported on a sub-manifold

within the Euclidean space, for instance, within a solid object or on the surface. It might

waste model capacity and make the subsequent use of the model inconvenient. For exam-

ple, existing methods that apply dynamic NeRF to explore the interaction between objects

and the environment require manual preprocessing like shape extraction [160] and inverse

deformation estimation [16].

To address these limitations, we propose to employ particle-based representation for

moving or deforming objects within dynamic scenes. In our method, particles represent

a finite approximation of the distribution of physical quantities that determine appear-

ance. More specifically, in a volumetric rendering scheme, if the light properties, color, and

scattering probability at a location x ∈ X are determined by a view-independent physical

feature f and the viewpoint, then the spatial distribution of f over X becomes the pri-

mary focus of modeling. For this purpose, particles are used to quantize the space X , with

the advantage that the distribution of f can be made time-varying by using a movement

model for the particles. This particle-based representation can be integrated with an ex-

isting Eulerian appearance field that represents static elements. Therefore, we achieve a

hybrid (static-Eulerian, dynamic-Lagrangian) NeRF model that can learn from monocular
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videos using only photometric supervision.

We propose a dynamic modeling approach for generic fields. This methodology was

developed through a case study of light-scattering fields and demonstrated with computer

vision applications. However, the proposed Lagrangian framework is generic and can be

applied to other fields. This strength has also been discussed in a preliminary task on mod-

eling physical motion via visual observations, which remains challenging for traditional

computer vision methods.

This design choice is not only motivated by the physical and computational advantages

of particle-based modeling, but also builds upon our earlier work on structured represen-

tation learning [108]. In the previous study, we proposed a mechanism to disentangle task-

relevant and task-irrelevant factors using capsule-based encoders trained under adversar-

ial supervision. The goal was to enable semantic separation of variation sources within a

shared representation space, facilitating robust transfer across tasks. In the present work,

we adopt a similar philosophy by explicitly modeling the scene’s dynamic and static com-

ponents through distinct mechanisms. This separation enhances interpretability, supports

modular learning, and enables editing and physical reasoning in dynamic scenes.

Moreover, the technique is developed in combination with the NeRF model due to the

consistency in their computational frameworks. With more sophisticated adaptive models,

it is possible to extend the dynamic modeling to the more efficient Gaussian splatting, as

discussed in the previous chapter.

In summary, this work introduces the Dynamic Appearance Particle Neural Radiance

Field (DAP-NeRF). The major contributions are as follows:

• We have designed a hybrid framework of radiance field models. The dynamic ele-

ments of the fields are described using a particle-based representation, which corre-

sponds to a Lagrangian approach to field models. The introduction of the Lagrangian

model complements the widely adopted Eulerian dynamic NeRFs, which specify the
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static elements of the scene in our framework. The hybrid framework serves as more

than an adequate appearance model of dynamic scenes. The employed particles also

provide an explicitly interpretable and physically meaningful description of the mo-

tions.

• We have developed an efficient and effective computational structure for the pro-

posed hybrid framework. This structure has the capability to automatically identify

dynamic and static elements.

• We have constructed a dataset and introduced a metric to evaluate the motion mod-

eling of dynamic NeRFs.

Empirical studies have shown that our framework achieves state-of-the-art performance

in novel view synthesis tasks. We’ve demonstrated that our framework produces particles

that effectively capture the dynamics of moving objects, facilitating scene decoupling and

motion editing. Moreover, the learned particle motion model shows superior quantitative

results in motion modeling, surpassing existing methods that deform a canonical field.

5.2 Preliminaries on Neural Radiance Fields (NeRFs)

Neural Radiance Fields (NeRFs) [128] represent a static 3D scene as a continuous volumet-

ric field parameterized by a neural network. Specifically, a multilayer perceptron (MLP) is

trained to map a 3D spatial location x ∈ R3 and a viewing direction d ∈S2 to a color c ∈ R3

and a volume density σ ∈R+:

(σ,c) = MLP(x ,d)(5.1)

Given a camera pose, NeRF renders a pixel by casting a ray r(s) = o+ sd, s ∈ R+ from

the camera center o through the pixel, and accumulating color contributions along the ray
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Figure 5.1: Method Overview. (a) Particles represent observed movements. Each particle p
corresponds to a small volume of material that represents a semantically meaningful part
of a moving object. The position p(t ) forms an explicit dynamic model of the object part. v
denotes the visual feature of the particle (See Sec. 5.3.1). (b) Particles are integrated into a
grid-based feature field, enabling efficient computation and superposition with the static
feature field (See Sec. 5.3.3). (c) Colors of rays are computed by querying sampled points
on the superpositional radiance field and performing volume rendering. Photometric loss
is then calculated to optimize the model (see Sec. 5.3.4).

using volume rendering [119]:

C(r) =
∫s f

sn

T (s)σ(r(s))c(r(s),d)d s(5.2)

where sn , s f denote the near and far bounds of the ray, T (s) = exp
(
−∫s

sn
σ(r(s′))d s′

)
is the

accumulated transmittance. The neural field is trained end-to-end by minimizing the pho-

tometric error between rendered and ground-truth pixel colors across multiple views.

NeRF achieves high-quality novel view synthesis, but assumes a static scene and re-

quires dense input views, limiting its applicability in dynamic settings.

5.3 Method

Consider the dynamic radiance field model: A pixel of the camera frame at time t is com-

puted by casting a ray r(s) = o+ sd, s ∈ R+ from the camera center o to the pixel on the

image plane:

C(r, t ) =
∫s f

sn

T (s)σ(r(s), t )c(r(s),d, t )d s(5.3)
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Figure 5.3: Overview of the proposed hybrid representation. (a) Superposition of dynamic
and static fields modeled by particle-based and Eulerian (voxel-grid-based) representa-
tions. We explicitly decouple the reconstruction tasks: the particles represent the moving
parts to handle motion modeling, while the static field represents the stationary environ-
ment for background reconstruction. (b) Two main attributes represented by particles. The
particle trajectory p i (t ) is time-varying, while the appearance feature v i is time invariant.

where C(r, t ) denotes the pixel color rendered at time t ∈R+, sn , s f denote the near and far

bounds of the ray. r(·) returns a 3D location along the ray. T (s) = exp −∫s
sn

σ(r(s′), t )d s′
( )

is

the accumulated transmittance. Given a location and time t (and direction d), σ(·) stands

for the volume density, and c(·) stands for the emitted radiance.

An effective strategy to specify the model of σ(·) and c(·) is to learn small MLPs and

localized feature vectors distributed at grid nodes in the 3D region of interest [45]. Fig. 5.2

displays the computational structure. The generic formulations of the components are as

follows:

V (x , t ) : R3 ×R 7→RC

(5.4) MLPσ(·) : RC 7→R

MLPc (·) : RC ×R3 7→R3

where the majority of the field information is modeled by V . We adopt this framework and
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embed the Lagrangian dynamic model in V . However, it should be noted that the proposed

technique is not tightly coupled to a specific overarching architecture. It is possible to inte-

grate the proposed Lagrangian representation into alternative frameworks, such as Instant-

NGP [133].

We model the feature field of the light radiance V by the following superposition:

V (x , t ) := (1−wt (x))V s(x)+wt (x)V d
t (x)(5.5)

where V s(x) and V d
t (x) represent the static and dynamic components of the field, respec-

tively. The static field component, V s(x), employs a time-independent grid-based model.

This aligns with the canonical feature field in [45]. The particle-based dynamic field com-

ponent, V d
t (x), is proposed by this work and will be introduced in detail in the following

subsections. The superposition is determined by wt (x), which takes value 1 if the dynamic

field is effective at (x , t ) and 0 otherwise. The support of the dynamic field (where it is effec-

tive) is implied by the particle representation of V d
t (x). Fig. 5.3 (a) shows this superposition

scheme.

It is helpful to notice a denotation convention due to the hierarchy of concepts that

are adopted in this work. We denote time t on the right-hand side of (5.5) in subscripts,

as opposed to an independent argument to the functions. This is to clarify the fact that

the dynamic component V d· (·) consists of an ensemble of particles. When considering the

composition of particles making up V d
t0

(·), the focus is on the discretization of a field at

a specific time t0. The time argument is fixed and does not affect the construction of the

instantaneous status of V d
t0

(·). The dynamics of the system are encoded in the individual

particle models.
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5.3.1 Particle-based Dynamic Model

The dynamic field V d
t is a continuous function, as a component of a NeRF model. We are

concerned with integrating V d
t in finite volumes. Therefore, we formulate V d

t as

V d
t (x) = (V d

t ∗δ)(x)

=
∫

V d
t (x ′)δ(x −x ′)dν(x ′)(5.6)

where δ(·) is the Dirac function δ(r ) = 0, r ̸= 0 and
∫
δ(r )dν = 1 and ν(·) is the volume

integration variable.

Replacing the δ(·) by a kernel with finite support, δ → W , where W is a kernel locally

supported close to 0 (W (x) = 0 when ∥x∥ exceeds a small radius and
∫

W (x)dν(x) = 1), the

finite-width kernel approximation leads to a quantization scheme of a physical field using

the notion of particles [59]. A particle represents the interesting physical quantities within

a small spatial extent. In the NeRF problem, it is the visual features that are of the central

interest, i.e., the vector quantity produced by the module V in (5.4). The visual feature is fed

into subsequent MLPs to output the light radiance properties (density and color). In our

model, the visual feature field is represented via smoothed particles [59]. When querying a

location x at time t ,

V d
t (x) ≈

Np∑
i=1

v i W (x −p i (t ))(5.7)

where i specifies one of the Np particles. As shown in Fig. 5.3 (b), each particle represents

the movements of a small finite volume of certain visual characteristics, consisting of p i (t )

and v i . p i (t ) is a 3D trajectory, mapping time t to a 3D position. The latter, v i , is a time-

invariant appearance feature.

The particles are referred to as appearance particles, which reflects their contribution

to the NeRF model. From the perspective of explicit modeling, these particles function

as the “geometric primitives” for dynamic scenes. Unlike implicit deformation fields that
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Figure 5.4: Computational structure for time-varying position of a particle. γ is the po-
sitional encoding function [128], φm and φt are 3 and 2-layer MLP, ‘CAT’ is concatenate
operation and ‘ADD’ is element-wise addition.

Figure 5.5: Training process of particles at t = 0. Panes show the particles at t = 0 during

indirectly warp a continuous coordinate space, appearance particles act as discrete, spa-

tially localized entities. They explicitly define the underlying geometry of moving objects

through their positions p i (t ) while carrying the necessary visual attributes v i , effectively

bridging the gap between explicit geometric modeling and neural rendering.

While our method and ParticleNeRF [1] share a foundational concept from [184], our

approach employs significantly different computational details, which are presented in the

next subsection.

different stages of training. (See Sec. 5.3.2)

5.3.2 Appearance Particle Model

Recall that an individual particle carries two pieces of dynamics information, a visual fea-

ture v and time-varying position p(t ). In DAP-NeRF, v i is a per-particle learnable feature

vector of appearance characteristics. p i (·) is implemented using a small neural network,

p i (t ) := NNmoti on(t , si )+ si(5.8)
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where NNmoti on is the neural network that computes the particle motion as the offset from

the starting point si . The computation is illustrated in Fig. 5.4. Therefore, the learning

model of particles consists of i) per-particle visual feature v i , ii) per-particle starting point

si and iii) the network parameters of NNmoti on that are shared by all particles.

The particles are designed to adaptively model the dynamic components using the fol-

lowing mechanism:

Initialization We initially place a set of particles by randomly distributing them within

the pre-defined bounding box encompassing the scene. For each placed particle, we ini-

tialize si as the spatial coordinate. The setup is illustrated in the first pane of Fig. 5.1 (b).

Particle Removal and Re-sampling To ensure that particles represent only the dynamic

components of a scene, we introduce a run-time strategy that automatically removes and

re-samples particles during training. Specifically, we

• remove particles that are located in the known free space or rarely move throughout

the whole timeline. Free spaces are identified using the occupancy mask technique

described in [185], i.e., alpha value less than a threshold ϵα. The immobility of a par-

ticle i is identified by the length of its trajectory, i.e.,
∫1

0 ∥∂p i (r )
∂r ∥2dr not exceeding a

threshold ϵtraj. The removal step is performed every few training steps from the be-

ginning. The second pane of Fig. 5.5 shows the result of the removal.

• conduct random re-sampling immediately after each removal step, aiming to pre-

serve the overall particle count. New particles are randomly placed within a small

radius around the remaining particles, and each initially inherits the visual feature

v of the particle from which it was sampled. The third pane of Fig. 5.5 displays the

first re-sampling, and the fourth pane is the final result of alternate removal and re-

sampling.
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5.3.3 Efficient Computation

Dynamic Feature Field. The computation of (5.7) requires nearest neighbor search, which

is expensive when the number of particles Np is large. We propose a computational scheme

referring to the grid structure, inspired by the strategy of [184].

Specifically, we employ a grid GD of Nx × Ny × Nz nodes and each node is associated

with a C -dimension feature. The node feature is of the same format as the particle visual

feature v . Then the computation of V d
t (x) consists of two steps: i) propagating appearance

information from particles to grid nodes, and ii) passing the information to the query loca-

tion.

At time t , we update features at n-th node of GD by:

GD (n) = ∑
i∈N (n)

wi→n v i(5.9)

where N (n) represents the particles in one of the cells adjacent to n. The distribution

weight wi→n is the tri-linear interpolation weight for particle i in the grid cell containing n.

Having appearance features propagated to GD , V d
t (x) is computed via standard tri-linear

interpolation

Interp(x ,GD ) : (R3,RC×Nx×Ny×Nz ) 7→RC(5.10)

We query this field by directly accessing neighbor grid nodes instead of searching neighbors

over all particles like the previous method [1]. This approach reduces the computational

complexity from O(Np ) to O(1).

Static Feature Field. For the static field component V s(x), we adopt the canonical feature

grid as in [45]. The static feature grid GS ∈ RC×Nx×Ny×Nz shares the same configuration as

GD , and is initialized with zero values throughout. The querying of this feature field is also

done via tri-linear interpolation.
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Field Superposition. Since GS and GD are both grid-based and aligned in shape, the su-

perposition of fields as described in (5.5) (for a convenient simplified reminder, consider

V := (1−α)V s +αV d ) is straightforwardly implemented as

(5.11)

G(n) = (1−m(n))GS(n)+m(n)GD (n)

m(n) =


1 if

∑Np

i wi→n > 0

0 otherwise

where n denotes the node number, and wi→n is the tri-linear interpolation weight for par-

ticle i in the grid cell containing n. (5.11) means that the static field is active only when

there is no particle in the neighboring grid cells.

We implement superpositional feature field via

(5.12)
f v = Interp(x ,G)

V (x) =φv (γ( f v ),γ(x))

where φv is a small neural network detailed in Fig. 5.13 (a), ‘Interp’ denotes tri-linear inter-

polation.

5.3.4 Optimization

Pipeline. The training process of our model follows established practices in dynamic

NeRFs [45, 154], involving multiple iterations of model optimization. Each iteration be-

gins by selecting an image from a video sequence. Spatial points are then sampled along

rays that extend from the camera center to a batch of random pixel locations. Using the

image’s timestamp, particle states are updated according to our methods detailed in Sec.

5.3.2. Subsequently, we create the superpositional radiance field, from which appearance

information is queried using the sampled spatial points.

Finally, we employ the standard volume rendering [128] on each ray to compute the col-

ors of the pixels and render an image. To optimize the model, losses between the rendered

and actual images are computed, as detailed in subsequent paragraphs.
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Losses. Following TiNeuVox [45], our training process involves selecting camera rays ran-

domly, querying the radiance field, and applying standard volumetric rendering [128] to

compute ray colors and losses. Firstly, we adopt the standard photometric loss, quantified

as the squared error between the rendered color C(r) and the ground-truth color Ĉ(r):

Lphoto = ∥Ĉ(r)−C(r)∥2
2(5.13)

Following [45, 185], we apply two additional losses. The per-point RGB loss Lptrgb sta-

bilize the optimization process by supervising all sampled points with the target color. The

background entropy loss Lbg encourages the model to better distinguish between fore-

ground and background areas.

Since explicitly modeling dynamic elements is non-trivial, we further employ two reg-

ularization terms for the superpositional feature field and the motion model of particles.

Specifically, we compute the total variation loss on the superpositional feature grid G using

(5.14)

Ltvf = TV(G) := 1

N

∑
i , j ,k

(∥∥Gi , j ,k −Gi+1, j ,k
∥∥

2+

∥∥Gi , j ,k −Gi , j+1,k
∥∥

2 +
∥∥Gi , j ,k −Gi , j ,k+1

∥∥
2

)
where N is the total number of grid nodes, and TV(·) is the operator calculating the total

variation loss on a grid. Inspired by the As Rigid As Possible (ARAP) loss, the second regu-

larization term aims to preserve local rigidity within the particles. Due to the costly nearest

neighbor search required by the original ARAP loss, we employ an efficient computation

method as introduced in Sec. 5.3.3. Specifically, we construct a motion grid Gm where each

node summarizes the movement of nearby particles via

Gm(n) = 1

wn

∑
i∈N (n)

wi→nNNmoti on(t , si )(5.15)

where wn =∑
i∈N (n) wi→n is used for normalization. The term NNmoti on(t , si ) denotes par-

ticle offset at time t as defined in (5.8). N (n) and wi→n are defined as in (5.9). The motion
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Ground Truth ParticleNeRF DAP-NeRF (ours)

Figure 5.6: Comparative analysis with ParticleNeRF [1] on the D-NeRF dataset [154]. Al-
though both methods utilize particle-based representations, ParticleNeRF struggles with
monocular video data.

regularization loss for particles is then implemented by

Ltvm = TV(Gm)(5.16)

Therefore, the overall loss for the model is defined as

L :=Lphoto +w1Lptrgb +w2Lbg +w3Ltvf +w4Ltvm(5.17)

Grid-based Coarse to Fine. Following the common practice in [45, 185], all the grids (GD ,

GS and G) will increase their total voxel number from an initial value (e.g. 803) to a final

value (e.g. 1603) during training. Specifically, the bounding box (BBox) that tightly encloses

the camera frustums of the training views is initially identified. The lengths of this BBox are

denoted as Lx , Ly , and Lz , while the expected number of voxels is represented as M . The

size of the grid is then established as (Lx/s)× (Ly /s)× (Lz/s), where s =�
[ 3]Lx ·Ly ·Lz/M .

5.4 Experiments

After testing the validity of the proposed DAP-NeRF in novel view synthesis tasks, we demon-

strate the capacity and advantage of the particle-based representation in motion modeling,
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GT Ours TiNeuVox-SD-NeRF TiNeuVox-B

Figure 5.7: Qualitative comparisons on D-NeRF dataset [154].
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Figure 5.8: Synthesized novel views for D-NeRF dataset [154] and particle-based dynamic
models. (a) displays the images rendered by the learned DAP-NeRF models, along with the
trajectories of 100 sampled particles drawn onto the images. (b) shows the particles at time
t = 0. To enhance visual clarity, we only render 2k randomly sampled particles. (c) shows
the corresponding learned trajectories of particles, where only 200 randomly sampled par-
ticles are rendered.
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Figure 5.9: Particle positions learned by DAP-NeRF at different frames. The color of each
point is determined by its y-axis value.

GT Ours TiNeuVox-B TiNeuVox-S

Figure 5.10: Qualitative comparisons on NHR dataset [213].
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Figure 5.11: This figure displays the novel views rendered by the learned DAP-NeRF mod-
els, along with the trajectories of 200 randomly sampled particles.

3D Printer Broom Chicken Peel Banana

Ground 
Truth

Rendered 
Novel Views

Figure 5.12: Novel views rendered by DAP-NeRF on the HyperNeRF dataset [147]. For each
scene, we render images from two perspectives at various times.
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Figure 5.13: Network Architectures. (a) shows the implementation of Fig. 5.2, which is the
NeRF architecture used in our method. (b) details Fig. 5.4, which is the motion model for
time-varying position of a particle. In this figure, φt , φm , φv , MLPσ and MLPc are neural
networks. The superscript of γ(·) is the frequency number of positional encoding. Yellow
boxes denote linear layers, grey boxes denote activation functions.

as well as related applications. This section also explores ablation studies on particle quan-

tity effects.

5.4.1 Experimental Settings

Datasets. We evaluate our method using four datasets: one synthetic dataset, two real-

scene datasets, and our specifically constructed testing scenarios. The D-NeRF Dataset [154]

includes eight 360° synthetic Scenes. For a fair comparison, we follow the settings of [45]

where images are trained and rendered at a resolution of 400×400. For real-scene evalu-

ation, the NHR Dataset [213] offers four scenes with a single human performing a specific

action in each, captured using a multi-camera dome system. We conduct evaluations on

100 frames from each scene, allocating 90% of the camera views for training and the re-

maining 10% for testing. Another dataset for real scenes is provided by HyperNeRF [147],

which employs two phones to capture four real unbounded scenes.

Additionally, to comprehensively evaluate models in motion modeling, we’ve designed

three test scenes and built a dataset of 300 images per scene. The dataset also includes data
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for ground-truth material motion at specific locations and times. We will provide further

details in Sec. 5.4.5.

Model and Optimization Configuration. We implement our framework using PyTorch [149].

Following [45], the resolution of static feature grid GS and dynamic feature grid GD are set

to 1603. We utilize 200k particles for synthetic datasets, and 500k for real-scene datasets.

The dimensions C of both particle and voxel features are set to 12. Details of the network

architecture are shown in Fig. 5.13, where the network width is 256, the frequency number

of positional encoding is set to 10 for (x, y, z), 4 for view direction d , and 8 for time t . Particle

removal and re-sampling are performed every 2k training steps. During removal, we set the

thresholds for alpha value and trajectory length to ϵα = 0.0001 and ϵtraj = 0.1, respectively.

The small radius of the range for random re-sampling is set to 0.1 times the voxel length of

the used feature grids.

For the optimization process, we employ the Adam optimizer [93], configured with beta

values of (0.9,0.99) and a minibatch size of 4,096 rays. The learning rates are set to 0.005

for particle features and 0.001 for motion predictor network φm . Other learning rates for

static feature grid GS , radiance network MLPσ(·) and MLPc (·) are following [45]. The total

number of training iterations is 60k. All the learning rates will finally decay by 0.1 with an

exponential schedule. The weights for the loss items in (5.17) are set to w1 = 0.01, w2 =
0.001, w3 = 0.01, and w4 = 0.01.

5.4.2 Novel View Synthesis

We begin by comparing ParticleNeRF [1] with our proposed DAP-NeRF on the monocu-

lar D-NeRF dataset, since both methods employ a particle-based representation but with

fundamentally different implementations. Fig. 5.6 illustrates that our method successfully

adapts to challenging monocular video data, while ParticleNeRF struggles with this setup.
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Table 5.1: Per-scene quantitative comparisons on D-NeRF dataset [154].

Method
PSNR ↑

Hell Warrior Mutant Hook Boucing Balls Lego T-Rex Stand Up Jumping Jacks Mean

T-NeRF [154] 23.19 30.56 27.21 37.81 23.82 30.19 31.24 32.01 29.50
D-NeRF [154] 25.02 31.29 29.25 38.93 21.64 31.75 32.79 32.80 30.43
NDVG [67] 25.53 35.53 29.80 34.58 25.23 30.15 34.05 29.45 30.54
TiNeuVox [45] 28.17 33.61 31.45 40.73 25.02 32.70 35.43 34.23 32.67
K-Planes [49] 24.81 32.59 28.13 40.33 25.27 30.75 33.17 31.64 30.84
DAP-NeRF (ours) 29.51 35.75 32.69 41.29 25.43 34.07 37.86 35.90 34.06

Method
SSIM ↑

Hell Warrior Mutant Hook Boucing Balls Lego T-Rex Stand Up Jumping Jacks Mean

T-NeRF [154] 0.93 0.96 0.94 0.98 0.90 0.96 0.97 0.97 0.951
D-NeRF [154] 0.95 0.97 0.96 0.98 0.83 0.97 0.98 0.98 0.953
NDVG [67] 0.95 0.99 0.97 0.97 0.93 0.97 0.98 0.96 0.965
TiNeuVox [45] 0.97 0.98 0.97 0.99 0.92 0.98 0.99 0.98 0.973
K-Planes [49] 0.95 0.97 0.95 0.99 0.94 0.97 0.98 0.97 0.965
DAP-NeRF (ours) 0.97 0.99 0.98 0.99 0.94 0.98 0.99 0.99 0.979

Table 5.2: Per-scene quantitative comparisons on NHR dataset [213].

Method
Sport 1 Sport 2 Sport 3 Basketball Mean

PSNR↑ SSIM↑ PSNR↑ SSIM↑ PSNR↑ SSIM↑ PSNR↑ SSIM↑ PSNR↑ SSIM↑
TiNeuVox-S [45] 27.82 0.972 27.84 0.975 27.45 0.968 25.46 0.953 27.14 0.967
TiNeuVox-B [45] 28.07 0.974 28.22 0.978 28.29 0.974 26.31 0.962 27.72 0.972
DAP-NeRF (ours) 28.58 0.978 28.78 0.981 28.50 0.976 26.41 0.964 28.07 0.975

Table 5.3: Per-scene quantitative comparisons on HyperNeRF dataset [147]. Red text indi-
cates the best result while blue text indicate the second best.

Method
3D Printer Broom Chicken Peel Banana Mean

PSNR↑ SSIM↑ PSNR↑ SSIM↑ PSNR↑ SSIM↑ PSNR↑ SSIM↑ PSNR↑ SSIM↑
NeRF [128] 20.7 0.780 19.9 0.653 19.9 0.777 20.0 0.769 20.1 0.745
Nerfies [146] 20.6 0.830 19.2 0.567 26.7 0.943 22.4 0.872 22.2 0.803
HyperNeRF [147] 20.0 0.821 19.3 0.591 26.9 0.948 23.3 0.896 22.4 0.814
NDVG [67] 22.4 0.839 21.5 0.703 27.1 0.939 22.8 0.828 23.3 0.823
TiNeuVox-B [45] 22.8 0.841 21.5 0.686 28.3 0.947 24.4 0.873 24.3 0.837
DAP-NeRF (ours) 22.9 0.845 21.9 0.713 27.6 0.939 22.5 0.811 23.7 0.827
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This highlights the superiority of our technical design in terms of both performance and

application potential.

To further validate the effectiveness of our method, we conduct experiments on the

novel view synthesis task and compare DAP-NeRF with state-of-the-art methods. Tab. 5.1

presents the quantitative results on the D-NeRF Dataset, evaluated based on peak signal-

to-noise ratio (PSNR) and structural similarity (SSIM) [207]. Fig. 5.7 provides qualitative

comparisons, showcasing image details rendered by different methods.

Results demonstrate that DAP-NeRF matches or surpasses the performance of state-

of-the-art models, even though our particle-based representation is primarily designed for

explicit motion modeling rather than solely focusing on appearance accuracy. Fig. 5.8 (a)

(b) and (c) illustrate the learned particles and their trajectories, which effectively capture

and track the dynamic elements within the scenes. Furthermore, Fig. 5.9 offers a visual

inspection of the scene geometry discovered by particles at different moments.

For the real scenes in NHR Dataset, our method also achieves superior performance in

both quantitative comparisons (see Tab. 5.2) and qualitative comparisons (see Fig. 5.10).

In Fig. 5.11, we visualize the rendered results as well as the particle trajectories, which vi-

sually demonstrate high quality and also reveal the potential applications such as human

motion capture. In the HyperNeRF Dataset, our method achieves competitive performance

(see Tab. 5.3 and Fig. 5.12), although the improvements are not as significant as in the pre-

vious two datasets. These results can largely be attributed to the dataset’s sparse, forward-

facing camera setup, which limits the geometric constraints essential for explicit motion

modeling. Note that the core novelty of our method lies in the design of a particle-based

representation, primarily aimed at enhancing motion modeling rather than solely improv-

ing rendering quality. In the subsequent sections, we will demonstrate our method’s unique

advantages in faster rendering (Sec. 5.4.4), explicit motion modeling (Sec. 5.4.5), and its po-

tential practical applications (Sec. 5.4.7).
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5.4.3 User Study
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Figure 5.14: User study on rendering quality. This boxplot records the ratio of user prefer-
ences between DAP-NeRF (ours) and TiNeuVox [45]. Participants could also select ‘Same’
to indicate no significant difference between the methods.

To further evaluate reconstruction quality from a human perspective, we conducted a

user study comparing our model’s rendering performance to TiNeuVox [45], which is clos-

est to ours in terms of PSNR and SSIM quantitative results. For each of the 16 scenes in-

cluded in the D-NeRF, NHR, and HyperNeRF datasets, participants were presented with 4

random images rendered by both our method and TiNeuVox, alongside the corresponding

ground-truth images. They were asked to judge which rendering was closer to the ground

truth in terms of detail and overall visual accuracy, or if both renderings were of comparable

quality.

We collected questionnaires from 20 participants and compiled the results into a box-

plot, as illustrated in Fig. 5.14. This user study yielded results consistent with the qualitative

evaluations, further confirming the effectiveness of our method.
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5.4.4 Evaluation of Efficiency

Table 5.4: Comparisons in terms of training and rendering times, and parameter counts on
the D-NeRF Dataset [154].

Method Train Render (one frame) #.Params

D-NeRF [154] 27.5 hours 8.70s 1M
NDVG [67] 23 mins 0.43s 87M
TiNeuVox [45] 28 mins 0.31s 25M
K-Planes [49] 49 mins 0.64s 37M
DAP-NeRF (ours) 17 mins 0.22s 52M

We compare our model with existing methods in terms of training and rendering times,

as well as the total number of parameters. For a fair comparison, we evaluate all methods

on the same device (RTX 3090 GPU) and report the average metrics across all scenes of the

D-NeRF dataset [154].

As shown in Tab. 5.4, our method achieves improved efficiency in both training and

rendering times. Unlike methods that deform all ray-casting points (exceeding 30M points)

to the canonical space, our method models the dynamics of only 0.2M particles, resulting

in reduced computation. On the other hand, our model requires a reasonable increase in

parameters to store particle features.

5.4.5 Evaluation of Motion modeling

Table 5.5: Motion Field Error (MFE) for evaluating motion modeling. The definition of MFE
can be found in (5.18).

Method Scene 1 Scene 2 Scene 3

TiNeuVox [45] 0.0197 0.0363 0.0376
DAP-NeRF (ours) 0.0029 0.0104 0.0136

To further evaluate how well our models capture the physically relevant dynamics of a

scene, we developed a dataset with explicit object motion information. As shown in Fig.
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Scene 1Scene 1

Image

Motion

Scene 2 Scene 3

Figure 5.15: The dataset for evaluating motion modeling.

5.15, each scene contains a moving object of interest (a ball), demonstrating varying levels

of motion complexity.

Since the scene and object trajectories are constructed in a 3D design software [8], the

ground-truth motions are known. Specifically, for any 3D coordinate (x, y, z) at time t , we

can determine if it’s occupied and, if so, consider the occupying object’s velocity as the

velocity at (x, y, z, t ). With the ground-truth velocity, we design a metric to quantitatively

evaluate the motion modeling. Formally, Motion Field Error (MFE) is defined as the average

Euclidean-norm difference between velocities:

(5.18)

MFE(�F1,�F2) := 1

V

∫

V
‖�F1(x)−�F2(x))‖2d v

≈ 1

N

N∑
n
‖�F1(xn)−�F2(xn))‖2

where �F1,�F2 are the velocity fields to be compared, V is the volume of the region of interest.

The integration (5.18) is approximated by traversing the N voxels, where xn represents the

center of a voxel. i) For existing deformable dynamic NeRF models, e.g. TiNeuVox [45], the

velocity at a voxel is approximately implied the deformation field

�Fdf(x) ≈ df(x , t )−df(x , t +δt )

δt
(5.19)

where df stands for the deformation field component of a deformable dynamic NeRF. Given

a time t , df specifies a 3D offset from a 3D location to a location in the canonical 3D model
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df : R3 ×R+ 7→ R3. Note that we need to zero-out the velocities in empty areas where de-

formable NeRFs are likely to produce incorrect values, as discussed in Sec. 5.4.6. ii) In DAP-

NeRF, the velocity field can be computed directly using the particle motions. Specifically,

we computing the average velocity of particles that affect the voxel region at time t . And

the velocity of a particle is v p = p t+δ

δ
t
t
−p t .

We compare the our dynamic model with TiNeuVox [45], a representative method for

deformation fields. Specifically, we calculate the mean MFE metric between the motion

fields estimated by each model and the corresponding ground truth for sampled time steps

t = [0.1,0.3,0.5,0.7,0.9]. To compute (5.18), we employ N = 303 voxels evenly distributed

within the cubic bounding box of the tested scene. The small time increment δt used for

velocity approximation is set to 0.01. As demonstrated in Tab. 5.5, particle-based dynamic

model in DAP-NeRF effectively captures motion with lower error in dynamic scenes.

5.4.6 Method Analysis

Figure 5.16: Comparison in dealing with dynamics. We add artificial grids (in red) aligned
with the coord-axes at the canonical/first frame for TiNeuVox and our method.

Decoupling of Scene Components. To illustrate how different models manage dynamics,

we introduce artificial grid lines parallel to the axes in the canonical (first) frame, as shown
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Figure 5.17: Decomposition of scene components. The ‘full’ image is rendered using the
final superpositional feature field. The other two images are rendered using only static and
dynamic field respectively.

Figure 5.18: Application on editing dynamic scene. We reverse the original trajectories of
particles that are responsible for the shape’s right hand.

in Fig. 5.16 (a). Note that the grid lines are solely for the visualization of modeled motions;

the models are NOT aware of the added lines during training.

The rendering results are shown in Fig. 5.16 (b), which demonstrate that the deforming-

based method causes continuous deformation across all space, including empty areas (e.g.,

air). In comparison, our method decouples the actural moving objects from the static com-

ponents and only models the motion for objects. Fig. 5.17 shows that a trained DAP-NeRF

enables a direct and high-quality decomposition. Fig. 5.18 illustrates how this feature can

be helpful in practical applications, such as scene editing.

Table 5.6: Ablation study of particle quantity.

Particle Number PSNR↑ SSIM↑
200k 34.06 0.979
100k 33.77 0.979
50k 33.22 0.974
10k 32.52 0.970
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Figure 5.19: This figure demonstrates the effect of particle removal and re-sampling
scheme.

Ablation study of Particle Quantity. We examine the impact of particle quantity on per-

formance, employing synthetic scenes from [154] for evaluation. Averaged metrics across

all scenes are displayed in Tab. 5.6, which illustrate that the model maintains robust per-

formance even with reduced particle amount.

(a) without Ltvm (b) with Ltvm

Figure 5.20: Impact of Motion Regularization Term Ltvm. To enhance visual clarity, only
500 particles randomly sampled from around the hand area are rendered.

Ablation study of Loss Components. We examine the impact of four auxiliary loss com-

ponents used in our model, reporting averaged metrics across all scenes from the D-NeRF
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Table 5.7: Ablation studies of Loss Components. We conduct evaluations on the D-NeRF
dataset [154] and report the average PSNR across all scenes.

Lptrgb Lbg Ltvf Ltvm PSNR↑
x x x x 33.51
x x x ✓ 33.60
x x ✓ x 33.57
x x ✓ ✓ 33.62
x ✓ x x 33.72
x ✓ x ✓ 33.79
x ✓ ✓ x 33.77
x ✓ ✓ ✓ 33.91
✓ x x x 33.58
✓ x x ✓ 33.69
✓ x ✓ x 33.67
✓ x ✓ ✓ 33.76
✓ ✓ x x 33.79
✓ ✓ x ✓ 33.83
✓ ✓ ✓ x 33.98
✓ ✓ ✓ ✓ 34.06

Dataset [154]. Tab. 5.7 shows that each component contributes to improved rendering qual-

ity.

Specifically, the two regularization terms Lptrgb and Lbg help the radiance field bet-

ter distinguish between scene objects and empty space. The total variation loss Ltvf en-

hances the continuity of the feature field. The combination of these terms effectively pre-

vents overfitting of the model, especially when dealing with monocular videos that have

limited multi-view constraints. Additionally, the motion regularization term Ltvm encour-

ages particles to preserve local rigidity, leading to more reasonable trajectories and better

reconstruction quality. To further validate its effectiveness, we visualized particle trajecto-

ries learned with and without Ltvm. Fig. 5.20 reveals that this motion regularization can

effectively reduce artifacts, such as spurious particle trajectories that inaccurately model

empty areas.
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Quantitative Analysis of Removal and Re-sampling. Fig. 5.19 quantitatively demonstrates

the impact of alternating removal and re-sampling processes during training. The number

of particles re-sampled, which equals the number removed, gradually decreases to zero as

the model converges (e.g., after 10K steps for D-NeRF dataset).

Selection of Loss Component Weights. The selection of the weights for the four auxiliary

losses in (5.17) is empirical. Specifically, the weights w1 and w2, corresponding to Lptrgb

and Lbg, follow the common settings used in [45, 185]. The other two weights were se-

lected based on hyperparameter tuning, as shown in Tab. 5.8, where w3 = w4 = 0.01 per-

formed slightly better than smaller values. Additionally, using larger weights would hinder

the model’s learning.

Table 5.8: Tuning of weights for Ltvf and Ltvm.

weight for Ltvf weight for Ltvm PSNR↑
0.1 0.1 32.35
0.1 0.01 32.77
0.1 0.001 32.73

0.01 0.1 33.04
0.01 0.01 34.06
0.01 0.001 34.01

0.001 0.1 32.89
0.001 0.01 33.92
0.001 0.001 33.84

5.4.7 Practical Application

In this section, we provide a simple example to present the potential of our models for

practical applications. We first train a dynamic NeRF for the scene where a ball slowly falls.

When placing a wall in the middle of the ball’s path, we can easily detect collision since

our model makes an explicitly interpretable and physically meaningful description (i.e.,

particles) of object motions. As shown in Fig. 5.21, when some particles touch the wall, we
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t = 0.375t = 0.0

with
Collision

without
Collision

t = 1.0

Figure 5.21: Visualization of collision detection. The red plane represents a virtual wall,
while the collided surfaces of the ball are marked in green.

can stop the moving object and then mark the collided surfaces of the object by changing

the color of the radiance field region affected by those collided particles.

5.5 Summary

We have presented the Dynamic Appearance Particle Neural Radiance Field (DAP-NeRF), a

novel framework that introduces Lagrangian particles to construct a superpositional ra-

diance field. The proposed appearance particles can not only carry local light radiance

information but also capture object motions in an explicitly interpretable and physically

meaningful manner. DAP-NeRF is effective and efficient, requiring only monocular video

photometric supervision. We have demonstrated that DAP-NeRF performs well in conven-

tional novel view synthesis and excels in motion modeling tasks. One potential future work

is the applications on scenes containing fluids.
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CONCLUSION AND FUTURE DIRECTIONS

6.1 Conclusion

This thesis aims to advance 3D scene reconstruction by improving explicit geometric mod-

eling, narrowing the gap between advanced reconstruction models and practical applica-

tions. Through extensive study of 3D reconstruction techniques, we examined both explicit

and implicit approaches, identifying common limitations arising from the lack of explicit

geometric modeling in existing methods. To address these challenges, we proposed three

contributions that enhance reconstruction accuracy, efficiency, and interpretability.

First, we improve 3D reconstruction from LiDAR scans through surface normal esti-

mation with multi-modal sensor fusion. We introduced the Hybrid Geometric Transformer

(HGT), a transformer-based neural network that fuses visual semantic and geometric in-

formation while capturing long-range dependencies. Experimental results demonstrate its

effectiveness in both synthetic and real-world datasets, with transferable geometric knowl-

edge learned from a simulated traffic environment and successfully applied to the KITTI

dataset.
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Second, we introduce a hybrid representation that integrates 3D Gaussian Splatting

(3DGS) with a mesh, improving the structured organization of Gaussians and enabling

high-fidelity surface modeling. The proposed method jointly learns the mesh and appear-

ance in an end-to-end manner, where Gaussians are bound to mesh faces and optimized

using differentiable rendering with photometric supervision. This formulation facilitates

both high-quality rendering and geometric controllability. Experimental results verify its

state-of-the-art performance, demonstrating that our hybrid approach effectively bridges

the gap between explicit and implicit representations.

Third, we enable explicit geometric modeling within an implicit reconstruction frame-

work. We propose Dynamic Appearance Particle Neural Radiance Field (DAP-NeRF), which

introduces appearance particles as explicit geometric entities within the radiance field.

These particles encode local radiance information while capturing object motions in a

physically meaningful manner. DAP-NeRF is efficiently learned from monocular video su-

pervision, achieving strong performance in novel view synthesis and excelling in motion

modeling tasks.

6.2 Future Directions

Looking ahead, several promising directions can extend the work presented in this thesis:

1. Scalability and Generalization: While significant progress has been made in han-

dling dynamic scenes and complex geometries, scaling these solutions to accom-

modate larger datasets and more diverse environments remains an open challenge.

Future work could explore improving the generalization capability of the proposed

methods, particularly in real-world, unseen scenarios.

2. Multi-Sensor Fusion for Robust 3D Reconstruction: Current approaches rely pri-

marily on LiDAR and RGB cameras, which may struggle in adverse conditions such
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as fog, low light, or occlusion. Exploring fusion strategies with event cameras, thermal

imaging, and radar could enhance reconstruction robustness and temporal consis-

tency, particularly for dynamic environments.

3. Neural Rendering with Explicit-Implicit Hybrid Representations: Hybrid approaches

combining 3D Gaussian Splatting, meshes, and implicit neural fields offer advan-

tages in both accuracy and efficiency. Future research could explore their application

in real-time rendering, dynamic scene synthesis, and interactive editing, particularly

in augmented reality (AR), virtual reality (VR), and digital twin applications.

4. Efficient Representations and Compression: Reducing the density of primitives while

preserving model fidelity remains crucial for optimizing storage and computational

efficiency. Future research could focus on leveraging geometric priors and structural

regularities to develop more compact yet expressive scene representations, particu-

larly for deployment in resource-constrained environments.

5. Real-Time 3D Reconstruction on Edge Devices: Advancing real-time 3D reconstruc-

tion for edge computing applications, such as field robotics and autonomous sys-

tems, requires improvements in computational efficiency. Optimizing model archi-

tectures and leveraging hardware acceleration could enable faster inference while

maintaining high reconstruction quality.

6. Closed-Loop Simulation for Perception and Planning: Developing geometrically mean-

ingful closed-loop simulation frameworks can enhance end-to-end perception and

planning systems. Future research could focus on integrating learned representa-

tions into physically accurate simulations, improving the reliability of models de-

ployed in robotics, autonomous driving, and augmented reality.
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