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Abstract

Learning 3D Gaussian Splatting from Degraded Images

Jungho Lee

The Graduate School

Yonsei University

Department of Electrical and Electronic Engineering

3D Gaussian Splatting (3DGS) has recently emerged as an e!cient representa-

tion for real-time neural rendering, enabling high-quality novel view synthesis with

significantly faster training and rendering compared to implicit methods. However,

most existing approaches assume the availability of sharp input images, which is of-

ten unrealistic in practical scenarios. Real-world image acquisition frequently su"ers

from various degradations, such as defocus blur caused by limited depth of field and

motion blur induced by camera movement during exposure. These degradations sig-

nificantly hinder accurate 3D scene reconstruction and limit the applicability of neu-

ral rendering methods, particularly in real-world capture settings such as handheld

3D scanning, robotic perception, drone-based inspection, digital twin construction,

and immersive AR/VR content generation.

In this thesis, we investigate the problem of learning 3D Gaussian Splatting from

degraded images and propose physically grounded frameworks that enable accurate

3D reconstruction from blurred observations. First, we introduce a defocus-aware

x



Gaussian splatting framework that models the Circle of Confusion (CoC) based on

photographic principles, allowing the system to reconstruct precise 3D scenes using

only defocused images while enabling controllable depth-of-field rendering. Second,

we address motion blur caused by camera movement during exposure by modeling

continuous camera trajectories using neural ordinary di"erential equations (ODEs).

By incorporating continuous rigid-body motion and motion refinement transforma-

tions, the proposed framework accurately captures motion blur formation and re-

constructs sharp 3D scenes from motion-blurred images. Together, these approaches

demonstrate that explicit modeling of real-world image formation processes is essen-

tial for robust neural rendering under non-ideal conditions. Extensive experiments

on multiple benchmark datasets show that the proposed methods achieve state-of-

the-art performance in reconstructing sharp 3D scenes and synthesizing high-quality

novel views from degraded images. This thesis highlights the importance of integrat-

ing physical imaging principles with e!cient explicit scene representations, paving

the way toward practical 3D reconstruction systems that operate reliably in real-

world imaging conditions. In the future, the proposed degradation-aware 3DGS

frameworks can be used as core components of industrial 3D reconstruction and

novel-view synthesis pipelines for digital twins, robotic and drone-based inspection,

immersive AR/VR systems, virtual production, and autonomous perception, where

robust scene modeling from imperfect visual data is essential for scalable deployment.

Keywords : 3D Neural Rendering; Gaussian Splatting; Image Degradation.
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Chapter 1

Introduction

Recent advances in neural rendering have significantly improved the quality of 3D

scene reconstruction and novel view synthesis from multi-view images. In particular,

the introduction of Neural Radiance Fields (NeRF) [4] has enabled photo-realistic

rendering of complex scenes by learning implicit volumetric representations from

images captured at di"erent viewpoints. However, NeRF relies on computationally

expensive ray-marching processes, which limits its applicability to real-time applica-

tions.

To address this limitation, 3D Gaussian Splatting (3DGS) [7] has recently emerged

as an e!cient alternative for neural scene representation. Instead of representing

scenes implicitly with neural networks, 3DGS explicitly models a scene using a col-

lection of 3D Gaussians defined by their spatial positions, covariances, opacities, and

appearance coe!cients. By leveraging di"erentiable rasterization, 3DGS enables sig-

nificantly faster training and rendering while maintaining high-quality novel view
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synthesis. As a result, it has become a promising foundation for real-time neural

rendering systems.

The practical impact of 3DGS is particularly significant because many emerging

industrial applications require fast and high-quality 3D reconstruction from image

observations. For example, digital twin construction for factories, construction sites,

and urban environments requires scalable reconstruction of real-world spaces for

monitoring, simulation, and visualization. Robotic and drone-based inspection sys-

tems require accurate 3D scene representations to analyze infrastructure, facilities,

and hard-to-access environments. Immersive AR/VR, virtual production, telepres-

ence, and spatial computing applications require real-time novel view synthesis and

realistic scene visualization from captured imagery. In these scenarios, 3DGS can

serve as a core representation for converting visual data into interactive 3D content.

However, unlike controlled laboratory settings, images in such practical pipelines are

often captured using handheld cameras, mobile robots, drones, or moving platforms

under uncontrolled lighting, focus, and motion conditions. Therefore, improving the

robustness of 3DGS to imperfect image acquisition is essential for deploying neural

rendering systems in real-world industrial environments.

Despite these advances, most neural rendering methods including both NeRF and

3DGS assume that input images are sharp and free from degradations. In practice,

however, images captured in real-world environments often contain various forms of

degradation. Two of the most common types are defocus blur, caused by the limited

depth of field in optical systems, and motion blur, caused by camera movement during
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the exposure time. These degradations distort the captured radiance information and

make it di!cult to accurately reconstruct the underlying 3D scene structure.

Such degradations are not exceptional artifacts but common obstacles in practical

3D capture scenarios. Defocus blur frequently occurs when cameras operate with a

shallow depth of field, when objects exist at di"erent depths, or when the capture

device cannot maintain an accurate focus plane during acquisition. This is common

in close-range object digitization, indoor scanning, industrial inspection, and AR/VR

content capture, where scenes may contain both near and far structures. Motion blur

frequently occurs when cameras are mounted on moving platforms, such as drones,

vehicles, or robots, or when handheld devices are used in low-light environments

requiring longer exposure times. In industrial deployment, requiring perfectly sharp

images would often increase capture time, require expensive stabilization hardware,

or force repeated data acquisition. Therefore, a reconstruction system that can learn

reliable 3D representations directly from degraded observations can substantially

reduce the practical constraints of real-world 3D capture.

Defocus blur occurs when scene points lie outside the focus plane of the camera,

causing light rays to spread on the image sensor and form a circular blur pattern

known as the Circle of Confusion (CoC). As the distance between the scene point and

the focus plane increases, the size of the CoC grows, resulting in spatially varying blur

across the image. Conventional neural rendering methods are not designed to explic-

itly model this optical phenomenon, which leads to inaccurate scene reconstruction

when defocused images are used as input. Previous studies [8–10] have attempted to

3



address this problem using learning-based blur kernels or implicit representations,

but they often fail to incorporate the physical principles governing defocus formation.

Motion blur presents another major challenge for neural rendering systems. Dur-

ing image acquisition, camera motion within the exposure interval integrates scene

radiance along a continuous camera trajectory, producing blurred observations. Most

existing approaches [8–10] model motion blur using simplified blur kernels or discrete

camera pose interpolation. However, these approximations often fail to capture the

continuous nature of camera motion, resulting in inaccurate blur modeling and de-

graded reconstruction performance.

In this thesis, we investigate the problem of learning 3D Gaussian Splatting from

degraded images, with the goal of enabling accurate 3D scene reconstruction and

novel view synthesis under realistic imaging conditions. Specifically, we focus on two

major types of degradation—defocus blur and motion blur—and propose physically

grounded frameworks that explicitly model the image formation processes responsible

for these degradations.

First, we introduce a defocus-aware Gaussian Splatting framework that mod-

els the CoC directly within the 3D Gaussian representation. By estimating the

CoC diameter based on scene depth and camera parameters, and generating ad-

ditional Gaussian sets that represent the spatial distribution of the CoC, the pro-

posed approach can reconstruct accurate 3D scenes using only defocused images. This

framework also enables controllable depth-of-field rendering by learning aperture and

focus-plane parameters during training.
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Second, we propose a motion-aware Gaussian Splatting framework that models

camera motion blur by estimating continuous camera trajectories during the expo-

sure time. To capture the continuous nature of camera motion, we leverage neural

ordinary di"erential equations (ODEs) [11] to represent the temporal dynamics of the

camera trajectory. Furthermore, we introduce a continuous motion refinement trans-

formation that enhances rigid-body motion modeling and improves the accuracy of

blur approximation. By integrating these components within a 3DGS framework, our

method reconstructs sharp 3D scenes from motion-blurred images while maintaining

real-time rendering capability.

Through extensive experiments on multiple benchmark datasets, we demonstrate

that the proposed methods achieve state-of-the-art performance for neural render-

ing from degraded images. The results show that explicitly modeling the physical

image formation processes underlying real-world degradations significantly improves

reconstruction accuracy and rendering quality.

The contributions of this thesis can be summarized as follows:

• We investigate the problem of reconstructing 3D scenes using 3D Gaussian

Splatting from degraded images captured under realistic imaging conditions.

• We propose a Circle of Confusion-aware Gaussian Splatting framework that

enables accurate 3D reconstruction from defocused images.

• We introduce a continuous motion-aware Gaussian Splatting framework that

models motion blur using neural ODE-based camera trajectory estimation.

5



• We demonstrate through extensive experiments that physically grounded mod-

eling of image degradations significantly improves neural rendering perfor-

mance.

Overall, this thesis advances neural rendering toward more practical real-world ap-

plications by enabling robust 3D scene reconstruction from degraded images. By

reducing the dependence on perfectly sharp input images, the proposed frameworks

contribute to the development of deployable 3D reconstruction systems that can op-

erate under the imperfect imaging conditions commonly encountered in real-world

industrial capture pipelines.
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Chapter 2

Related Work

2.1 Neural Rendering

Neural rendering has seen explode in the fields of computer graphics and vision

area thanks to the emergence of ray tracing-based neural radiance fields (NeRF) [4],

which provide realistic rendering quality from 3D scenes. NeRF has led to a wide

range of studies, including TensoRF [12], Plenoxel [13], and Plenoctree [14], which

have aimed at overcoming slow rendering speed. Among these advancements, the

recent emergence of 3D Gaussian splatting (3DGS) [7], which o"ers remarkable per-

formance along with fast training and rendering speed, has further accelerated re-

search in the neural rendering. Additionally, there has been active research focusing

on the non-ideal conditions of given images, such as sparse-view images [15–17], and

the absence of camera parameters [18,19]. Moreover, there has been significant re-

search attention on non-ideal conditions inherent to the images themselves, such as
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low-light [20,21], blur [1,9,10,22–25]. Recently, neural rendering from blurry images

has attracted attention due to its practical applicability.

2.2 Neural Rendering from Degraded Images

Deblur-NeRF [1] firstly introduced the deblurred neural radiance fields by im-

porting the blind-deblurring mechanism into the NeRF framework. They introduce

specific blur kernel in front of the NeRF framework imitating the blind deblurring

in 2D image deblurring area. After the emergence of [1], several attempts have been

proposed to model the precise blur kernel with various types of neural rendering

baseline, such as TensoRF [12], and 3DGS [7]. DP-NeRF [10] proposes rigid blur

kernel that predict the camera motion during image acquisition process as 3D rigid

body motion to preserve the geometric consistency across the scene. BAD-NeRF [23]

and BAD-Gaussians [25] similarly predict blur kernel as camera motions based on

NeRF [4] and 3DGS [7], which assume the simple camera motion and interpolate

them between predicted initial and final poses and design simple spline-based meth-

ods. Deblurring 3DGS [8] adjusts Gaussian parameters like rotation and scaling to

generate blurry images during training, and BAGS [9] proposes CNN-based multi-

scale blur-agonostic degradation kernel with blur masking that indicates the blurred

areas. In this paper, we implement the continuous motion trajectory that forms cam-

era motion blur in 3D using a neural ODE, which fundamentally di"erentiates our

approach from existing methods.
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Chapter 3

Preliminaries

3.1 3D Gaussian Splatting

3D Gaussian Splatting (3DGS) [7] represents a scene as a set of anisotropic 3D

Gaussian primitives. Each Gaussian models a small region of the scene and is defined

by its mean position µ → R
3 and covariance matrix ! → R

3→3. A Gaussian function

centered at µ is defined as

G(x) = exp

(

↑
1

2
(x↑ µ)↑!↓1(x↑ µ)

)

, (3.1)

where x denotes a point in the 3D space. The covariance matrix ! controls the spatial

extent and orientation of the Gaussian, allowing it to represent anisotropic shapes

in the scene.

For stable optimization, the covariance matrix is commonly parameterized using
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a scaling matrix S and rotation matrix R as

! = RSS↑R↑, (3.2)

where S controls the size of the Gaussian along three principal axes and R controls

its orientation.

During rendering, each Gaussian defined in the world coordinate system must be

projected onto the image plane. The projection transforms the 3D covariance into

a 2D covariance that describes the elliptical footprint of the Gaussian on the image

plane. This transformation can be approximated as

!2D = JW!W↑J↑, (3.3)

where W denotes the camera transformation matrix and J is the Jacobian of the

projection function.

Each Gaussian also stores an opacity value ϑ and view-dependent color param-

eters, typically represented using spherical harmonics coe!cients. When rendering

an image, the contributions of multiple Gaussians are composited along the viewing

direction using alpha blending. The final pixel color Cp is computed as

Cp =
N
∑

i=1

ciϑi

i↓1
∏

j=1

(1↑ ϑj), (3.4)

where ci and ϑi denote the color and opacity of the i-th Gaussian. This equation
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accumulates the contributions of Gaussians in a front-to-back order while accounting

for occlusions.

Compared with volumetric rendering approaches such as NeRF [4], 3DGS enables

significantly faster rendering because it relies on rasterization instead of ray march-

ing. This e!ciency makes it suitable for real-time neural rendering applications.

3.2 3D Gaussian Splatting from Degraded Images

Most neural rendering methods assume that input images are sharp. However,

images captured in real-world environments often contain degradations introduced

during the image acquisition process. Two common types of degradation are defocus

blur and motion blur.

Defocus blur occurs when scene points lie outside the focus plane of the camera.

In optical systems with a finite aperture, light rays from out-of-focus points spread

across the image sensor, forming a circular pattern known as the Circle of Confusion

(CoC). The diameter of the CoC depends on the depth of the scene point and the

camera parameters. A commonly used approximation of the CoC diameter is

ϖ ↓ K

∣

∣

∣

∣

1

d
↑

1

dF

∣

∣

∣

∣

, (3.5)

where d denotes the depth of the scene point, dF represents the focus plane distance,

and K = fD is a constant determined by the focal length f and aperture diameter

D. This relationship indicates that the blur size increases as the distance between
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the scene point and the focus plane becomes larger.

Motion blur arises when the camera moves during the exposure time. Instead of

capturing the scene at a single camera pose, the sensor integrates radiance over a con-

tinuous camera trajectory. As a result, the observed blurry image can be interpreted

as the temporal integration of multiple latent sharp images:

Iblur =

∫ T

0
Iϖdϱ, (3.6)

where Iϖ denotes the image captured at time ϱ during the exposure interval T . In

practice, this continuous integration is approximated using discrete samples along

the camera trajectory:

Iblur ↓

N
∑

i=1

wiIϖi ,

N
∑

i=1

wi = 1, (3.7)

where Iϖi represents the image rendered from the camera pose at time ϱi, and wi

denotes the corresponding weight.

From the perspective of 3DGS, these degraded images can be interpreted as the

result of aggregating multiple renderings generated under di"erent imaging condi-

tions. For example, defocus blur can be modeled by distributing Gaussian primitives

according to the CoC, while motion blur can be modeled by rendering the scene

along a sequence of camera poses during the exposure time.

Building on these observations, recent studies have incorporated physically moti-

vated degradation models into Gaussian splatting frameworks to enable accurate 3D

12



scene reconstruction from degraded observations. In this thesis, we build upon these

ideas and focus on learning 3DGS from degraded images by explicitly modeling both

defocus blur and motion blur in the image formation process.

13



Chapter 4

Leveraging Circle of Confusion for

Gaussian Splatting from

Defocused Images

4.1 Introduction

The emergence of the Neural Radiance Field (NeRF) [4] has brought significant

attention to 3D scene representation for photo-realistic novel view synthesis. They

reconstruct 3D scenes from images captured from multiple views and render images

of unseen views. However, since NeRF models 3D scenes as implicit neural represen-

tations through a ray tracing-based approach, they su"er from ine!cient memory

usage. In contrast, a rasterization-based method, 3D Gaussian Splatting (3DGS) [7]

explicitly models 3D scenes using independent 3D Gaussians with di"erent 3D means,

covariances, opacities, and spherical harmonic coe!cients. The tile-based rasterizer

of 3DGS applies alpha blending to Gaussian splats sorted by visibility order, enabling

fast training, rendering, and e!cient memory usage.
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Both NeRF [4] and 3DGS [7] rely on sharp images to represent 3D scenes accu-

rately, which is a highly ideal assumption. In real-world settings, various factors (e.g.,

finite depth of field and camera motion blur) can hinder the capture of sharp images,

leading to image degradation. Achieving a perfectly sharp image requires every part

of the scene to be in focus, namely all-in-focus, which calls for a large depth of field.

However, obtaining a large depth of field necessitates using a small aperture, which

in turn requires a longer exposure time to allow enough light to enter the camera.

During this extended exposure, even slight movements of a handheld camera can

introduce motion blur. To prevent motion blur, the aperture needs to be widened,

but this comes at the cost of a shallower depth of field. As a result, areas outside

the focus plane appear blurred due to defocus. Defocus blur is closely related to the

concept of the Circle of Confusion (CoC); as shown in Fig. 4.1, when a subject is

positioned away from the focus plane, the radiances from the subject pass through

the aperture and are mapped onto the image sensor in a circular pattern, resulting

in shallow depth of field and defocus blur [26]. However, despite these challenges,

recent research in 3D scene representation has rarely focused on addressing defocus

blur directly. In this paper, we propose a method to represent 3D scenes using only

images with defocus blur, tackling the CoC-related challenges posed by real-world

image acquisition scenarios.

Recently, there has been increasing interest in reconstructing 3D scenes using only

degraded images, with a focus on addressing challenges caused by camera motion blur

and defocus blur. Deblur-NeRF [1] is the first study to take on this task, adopting
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a blind image deblurring approaches [27–29]. Follow-up studies [8–10,22–24,30] have

expanded this approach beyond ray-tracing to rasterization-based methods. How-

ever, many of these methods depend heavily on learning-based strategies and fail to

incorporate photographic principles that accurately capture how defocus occurs in

real-world scenarios. While DoF-NeRF [6] adopts the concept of CoC to model de-

focus blur in 3D scene representations, it relies on an implicit representation, which

leads to slow rendering speeds, making it less suitable for real-time applications.

In this paper, we propose CoCoGaussian, which leverages a physically grounded

photographic defocus principles to represent 3D scenes. Our method incorporates

an aperture to calculate the CoC diameter based on depth and learnable aperture

information using 3D Gaussians, accurately modeling shallow depth of field images.

Using the CoC diameter and the 3D Gaussian, we generate multiple Gaussians to

form the CoC shape, as illustrated in Fig. 4.1. However, when objects with refraction

or reflection exist in the scene, the depth obtained through the Gaussians may be-

come unreliable. To address this, we propose a method to keep the set of generated

Gaussians within the CoC radius, introducing a learnable scaling factor to increase

flexibility and reduce dependence on estmiated depth in the CoC modeling. As a

result, our model combines physically grounded defocus principles with an adaptive

CoC modeling that e"ectively handles uncertain depths, allowing it to reconstruct

sharp 3D scenes using only defocused images. Additionally, our approach has an ad-

vantage of learning aperture and focus plane information, enabling dynamic control

over depth of field and flexible adjustment of the focus plane. This feature allows

17



for highly customizable scene visualization, adapting to various focus and depth re-

quirements.

To demonstrate the e"ectiveness of our model, we conduct extensive experiments

on the benchmarks: the Deblur-NeRF [1] dataset and the DoF-NeRF [6] real-world

dataset. Our contributions can be summarized as follows:

• CoCoGaussian models the CoC at the 3D Gaussian level, reconstructing the

precise 3D scene and enabling sharp novel view synthesis from defocused im-

ages.

• We propose an adaptive learning approach that robustly models the CoC even

with unreliable depth information.

• CoCoGaussian enables the customizable depth of field and flexible focus plane

adjustment during rendering by learning aperture and focus plane information.

• CoCoGaussian achieves state-of-the-art performance, both quantitatively and

qualitatively.

4.2 Preliminaries

4.2.1 Circle of Confusion

In this subsection, we explain the principles behind the generation of the CoC

based on the focus plane and aperture size. As shown in Fig. 4.2 (a), when a subject

is precisely located on the focus plane, the radiance emitted from a point on the
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Focus Plane Lens Image Sensor

Object

Aperture

CoC for Wide Aperture

CoC with Narrow ApertureCoC for Object Not in Focus Plane (2)

CoC for Object Not in Focus Plane (1)

CoC for Object in Focus Plane

: Circle of Confusion in Image Sensor

(a) (b)

Figure 4.2: (a) CoC sizes based on the position of object relative to the focus plane,
and (b) CoC sizes based on the aperture size.

subject is projected onto the image sensor as a single point. However, when the

subject is positioned away from the focus plane, the radiance passes through the

lens and forms a circular point spread function on the image sensor. As this circle

increases in size, the defocus e"ect becomes more pronounced. However, even if the

subject is o" the focus plane, the circle is perceived as a single point if its radius

remains below a certain threshold, known as the “acceptable CoC.” Thus, even when

a CoC exists on the image sensor, the resulting image is perceived as all-in-focus if

the CoC is smaller than this threshold.

Additionally, the size of the aperture is another key factor influencing the size
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of the CoC. As illustrated in Fig. 4.2 (b), radiance emitted from a subject passes

through the lens and the aperture. With a larger aperture, the radiance forms a

larger CoC on the image sensor. With a smaller aperture, only a portion of the light

passing through the lens reaches the sensor, resulting in a smaller CoC. Consequently,

a smaller aperture produces CoCs smaller than acceptable CoC, leading to an all-in-

focus image. However, a smaller aperture also reduces the amount of light reaching

the image sensor during the same exposure time, requiring a longer exposure to

collect su!cient light. Therefore, capturing an all-in-focus image necessitates (1) a

small aperture size and (2) stability to prevent camera movement during the extended

exposure time.

4.3 Method

4.3.1 CoCoGaussian Framework

Our goal is to represent a 3D scene using only defocused multi-view images,

leveraging fundamental photographic principles to guide our method. We generate

3D Gaussians to capture a blurring kernel shaped as the CoC. The whole framework

of CoCoGaussian is on Fig. 4.3. First, we compute the CoC diameter using the Gaus-

sian depth, derived from the means of the given base 3D Gaussian set GB, which

consists of N Gaussians, along with the camera position and aperture information

(Sec. 4.3.2). Next, for the base Gaussian set GB, we generate M CoC Gaussian

sets GCoC, resulting in a total of (M ↔ N) Gaussians to capture the CoC shape.

However, when the scene contains objects with refraction or reflection, the Gaussian

20



depth may be unreliable, which can lead to suboptimal CoC diameter. To address this

issue, we propose an adaptive CoC Gaussian generation method that minimizes the

dependence on depth for GCoC (Sec. 4.3.3). Finally, we incorporate adaptive rotation

quaternion and scaling vector adjustments, inspired by the Deblurring 3DGS [8] ap-

proach, to allow flexible learning of GCoC. Furthermore, we apply Eq. (3.7) to images

rendered from GB and GCoC, using a weighted sum approach [9,30] to create the

final blurry image. This photography-prior-based approach allows us to accurately

represent 3D scenes using only defocused images while adhering to realistic defocus

principles.
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4.3.2 Circle of Confusion from 3D Gaussians

To model the CoC, we assume an ideal system that ignores distortions such as

lens aberrations. Before generating the CoC Gaussian sets GCoC, we first need to

obtain the CoC diameter, which depends on several factors: the aperture diameter D,

focal length f , focus plane dF , and depth p. The focus plane represents the distance

from the camera position to the plane in focus. We define the depth d(µB) as the

Euclidean distance between the camera position xcam → R
3 and the means of the

base Gaussian set µB → R
N→3. Exploiting these values, we express the CoC diameter

ϖ(µB) as follows [26]:

ϖ(µB) = fD ↔
|d(µB)↑ dF |

d(µB)(dF ↑ f)
, (4.1)

where dF is set to a learnable parameter and initialized as the average distance

between xcam and the points in the SfM point cloud to ensure stable training. Note

that the focus plane dF is specific to each input image. Additionally, because the

focal length f is usually much smaller than the focus plane dF , we modify Eq. (4.1)

as follows:

ϖ(µB) ↓ K ↔

∣

∣

∣

∣

1

d(µB)
↑

1

dF

∣

∣

∣

∣

, (4.2)

where the product of the focal length and aperture diameter is represented as a single

learnable scalar K = f ↔D [6].

We design a simple MLP hω parameterized by ς to estimate the scalar K. Then,

the aperture parameter K is obtained by passing these features as inputs to hω, along

with the scaling vectors sB → R
N→3 and rotation quaternions qB → R

N→4 of GB.
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This approach allows us to obtain the CoC diameter ϖ(µB) for the GB, marking the

first step in modeling GCoC.

4.3.3 Adaptive CoC Gaussian Generation

After obtaining the CoC diameters, we use these diameters to generate M CoC

Gaussian sets GCoC. For the Gaussian parameters of GCoC, we set the spherical

harmonics (SH) coe!cients and opacity values identical to those of GB, while varying

only the means µ, scaling vectors s, and rotation quaternions q. The means of each

CoC Gaussian set are created by adding o"sets ”µCoC → R
M→N→3 to µB, defined

as µCoC = µB +”µCoC. Since ”µCoC are 3D vector sets, we obtain unit vector sets

d → R
M→N→3 representing the directions from GB to GCoC, which are additional

outputs from the MLP hω discussed in the previous section. Moreover, since GCoC

consist of a total of M Gaussian sets, The direction vectors d consist of M instances:

”µCoC;m =
ϖ(µB)

2
dm, where m → M. (4.3)

However, theses o"sets ”µCoC presents two potential issues. First, this approach

places all GCoC only on the boundary of the CoC, which limits its ability to fully

capture the defocus e"ect. Modeling the entire CoC, including its interior, would al-

low for a more accurate and flexible representation of defocus blur. The second issue

arises when there are refractive or reflective surfaces in the scene, as these subjects

can lead to incorrect optimization of the Gaussian means, making the CoC diameter

obtained through Eq. (4.2) unreliable. To address these problems, we introduce sim-
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ple learnable CoC scaling parameters ω → (0, 1], which are additional outputs of hω.

The parameter ω is learned within the range of 0 to 1, ensuring that µCoC resides

within the CoC boundary. Additionally, even when depth is inaccurately measured

and the predicted CoC diameter is larger than the actual size, ω adaptively scales it

down. Thus, the o"set ”µCoC is modified by applying ω as follows:

”µCoC;m =
ϖ(µB)

2
ωmdm. (4.4)

Additionally, similar to Deblurring 3DGS [8], we introduce scaling factors εsCoC →

R
M→N→3 and εqCoC → R

M→N→4, which allow flexible learning of the scaling vectors

sCoC and rotation quaternions qCoC of GCoC. These factors are also the outputs of

hω. The parameters εsCoC and εqCoC are multiplied by the corresponding parameters

of the base Gaussian set GB, specifically sB and qB, and are expressed as follows:

sCoC;m = sB ↔ εsCoC;m, (4.5)

qCoC;m = qB ↔ εqCoC;m, (4.6)

where the scaling parameters are constrained by the fixed values εsmax and εqmax:

εsCoC → [1, εsmax] and εqCoC → [1, εqmax].

We obtain a total of M means of CoC Gaussian sets µCoC, scaling vectors sCoC,

and rotation quaternion qCoC. They are combined with the opacity and SH coe!-
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cients of GB, generate the M Gaussian sets GCoC:

xCoC;m, sCoC;m, qCoC;m, ϑB, SHB ↗ GCoC;m. (4.7)

We rasterize the resulting M Gaussian sets along with the base Gaussian set, pro-

ducing (M + 1) images. Then, using the weighted sum approach from Eq. (3.7), as

detailed in the following section, we obtain the final blurry image.

4.3.4 Optimization

Weighted Sum. To apply Eq. (3.7) to the (M + 1) images I rasterized from GB

and GCoC, we adopt the methods of recent studies [9,30]. We use a shallow CNN F

to compute pixel-wise weights W for these images, applying a softmax function to

ensure that the weights for each pixel sum to 1. Then, we multiply each image by its

corresponding weight and sum the results to obtain the final defocused image Iblur:

Iblur =
M+1
∑

m=1

ImWm, where W = softmax(F(I)), (4.8)

where Im represents the image rasterized from GCoC;m, and IM+1 represents the

image rasterized from GB.

Objective. We minimize the L1 loss and D-SSIM loss LD-SSIM between the ground

truth defocused image and the output defocused image. The L1 loss reduces the

pixel-wise di"erences between images, while the D-SSIM loss minimizes structural
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di"erences between them. The final objective Lrgb is defined as follows:

Lrgb = (1↑ φ)L1 + φLD-SSIM, (4.9)

where we use φ = 0.3 for all experiments.

4.4 Experiments

Datasets. We evaluate our method on three di"erent datasets: the Deblur-NeRF [1]

synthetic dataset, the Deblur-NeRF real-world dataset, and the DoF-NeRF [6] real-

world dataset. The Deblur-NeRF synthetic dataset consists of 5 scenes, each con-

taining defocused images generated using the built-in function of Blender [31]. The

Deblur-NeRF real-world dataset includes 10 scenes, with images captured by enlarg-

ing the aperture on a Canon EOS RP. The DoF-NeRF real-world dataset comprises

7 scenes, each containing 20 to 30 image triplets. Each triplet includes an all-in-focus

image, along with two defocused images focused on the background and foreground.

Since DoF-NeRF does not provide training code, we use half of the training defo-

cused images with a foreground focus and the other half with a background focus.

All camera poses and initial point clouds are obtained through COLMAP [32,33].

Implementation Details CoCoGaussian is built upon 3DGS [7] and Deblurring

3DGS [8], trained with a total of 30k iterations with the number of CoC Gaussians,

M , set to 5. For coarse geometry in the early training stages, hω is not trained

during the first 2k iterations and begins training afterward. We set εqmax and εsmax
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to 1.1. Additionally, after hω has been coarsely trained for 4k iterations, CNN F

starts training. Note that, prior to the training of F , the (M + 1) output images

are averaged to obtain a blurry image. Additionally, we apply a positional encoding

layer [4], ↼, to 3D points (i.e., xcam and µB):

↼(xcam) =
(

sin(2k↽xcam), cos(2k↽xcam)
)L↓1

k=0
, (4.10)

↼(µB) =
(

sin(2k↽µB), cos(2
k↽µB)

)L↓1

k=0
, (4.11)

where L denotes the number of the frequencies. The hω consists of 3 serial MLP layers,

each with 64 hidden units, and parallelized 4 head layers for K, ω, d, and ε(q, s). The

CNN F comprises 4 convolutional layers with 64 channels each. To compensate for

the sparse initial point cloud, we adopt the approach from Deblurring 3DGS, adding

approximately 200k additional points after 2.5k iterations and pruning Gaussians

based on depth. All experiments are conducted on either an NVIDIA RTX 3090 or

NVIDIA V100 GPU.

4.4.1 Rendering Results

Quantitative Results. We quantitatively evaluate our CoCoGaussian using the

following three metrics: peak signal-to-noise ratio (PSNR), structural similarity index

measure (SSIM) [35], and learned perceptual image patch similarity (LPIPS) [36].

We compare our approach to several state-of-the-art methods, including both ray-

tracing [1,10,22] and rasterization-based methods [8,9]. Quantitative results are shown
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Table 4.1: Comparisons on Deblur-NeRF synthetic and real-world scene dataset. We
evaluate the performance on three metrics (PSNR, SSIM, LPIPS). “*” denotes the
results obtained by reproducing the released code. The orange and yellow cells
respectively indicate the highest and second-highest value.

Methods
Synthetic Scene [1] Real-World Scene [1]

PSNR↔ SSIM↔ LPIPS↗ PSNR↔ SSIM↔ LPIPS↗

Naive NeRF [4] 25.95 0.7791 0.2303 22.40 0.6661 0.2310

3DGS [7] 25.11 0.7476 0.2148 23.38 0.6655 0.3140

Restormer [34] + 3DGS - - - 23.14 0.6669 0.2136

Deblur-NeRF [1] 28.37 0.8527 0.1188 23.47 0.7199 0.1207

PDRF-10 [22] 30.08 0.8931 0.1101 23.85 0.7382 0.1746

DP-NeRF [10] 29.33 0.8713 0.0987 23.67 0.7299 0.1082

Deblurring 3DGS* [8] 28.90 0.8912 0.1052 23.54 0.7383 0.1232

BAGS* [9] 30.65 0.9128 0.0631 23.48 0.7408 0.0962

Ours 30.84 0.9212 0.0478 23.70 0.7531 0.0825

in Tab. 4.1 and Tab. 4.2, where our approach achieves the best performance across

all metrics except for PSNR on the Deblur-NeRF real-world dataset. Note that we

report the reproduced performance scores for Deblurring 3DGS [8] and BAGS [9]

using their o!cial codes. The Deblur-NeRF real-world dataset inherently presents

challenges, as there are illumination di"erences between the sharp and defocused

images, leading to relatively lower PSNR score. We also observe that the two-stage

baseline that first applies Restormer for image deblurring and then trains 3DGS

obtains PSNR scores comparable to those of our method in some cases. However,

it shows a much larger gap in LPIPS, indicating that image-space deblurring may

recover pixel-wise fidelity to some extent but fails to preserve perceptually consistent
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Table 4.2: Comparisons on DoF-NeRF real-world scene dataset.

Methods
DoF-NeRF Real-World Scene [6]

PSNR↔ SSIM↔ LPIPS↗

3DGS [7] 25.72 0.8291 0.1817

DP-NeRF [10] 26.80 0.8145 0.1790

Deblurring 3DGS [8] 26.58 0.8386 0.1708
BAGS [9] 29.87 0.8816 0.1100

Ours 30.14 0.9127 0.0701

details and view-consistent 3D appearance. For the DoF-NeRF dataset, CoCoGaus-

sian achieves outstanding performance across all metrics, with an approximately 0.04

reduction in LPIPS compared to BAGS. Since the DoF-NeRF dataset has a higher

resolution than the Deblur-NeRF dataset, this performance drop in BAGS is likely

due to its requirement for manual adjustment of blurring kernel size, highlighting an

intrinsic limitation. Conversely, Deblurring 3DGS shows minimal improvement over

3DGS, which can also be attributed to its limited kernel size relative to the higher

resolution.

Qualitative Results. For qualitative evaluation, we present the rendering results

of 3DGS [7], Deblurring 3DGS [8], and BAGS [9] in Fig. 4.4. Our method demon-

strates higher-fidelity results compared to others. Specifically, in the fourth row of

our results, the white line on the rightside is rendered more sharply, and in the fifth

row, the detailed quality of the graphic card appears superior to that of BAGS.
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4.4.2 Ablation Study

To validate the e"ectiveness of our proposed methods, we perform a series of ab-

lation studies, with all experiments conducted on the DoF-NeRF real-world dataset.

We chose this dataset as it is based on real captured images and does not present the

illumination issues found in the Deblur-NeRF real-world dataset, ensuring more reli-

able evaluation. The results are summarized in Tab. 4.3, where the baseline denotes

naive 3DGS [7].

Circle of Confusion. To demonstrate the impact of our core concept, CoC, we

conduct an experiment that excludes the CoC from the model, retaining only ωm and

dm. This configuration yields significantly lower performance than the full model,

indicating an over-reliance on parametric learning. The result suggests that without

the CoC, which leverages depth and aperture information, the means of the generated

Gaussian sets are not optimally arranged, leading to overfitting.

CoC Direction Vector. In this experiment, we retain the CoC concept but ex-

clude the learnable direction vectors dm. Instead of using learnable vectors, we use

fixed direction vectors, arranging M CoC Gaussians evenly in a circular pattern

on a plane perpendicular to the vector between the camera position and the base

Gaussian. This configuration slightly underperforms compared to the full model, as

the fixed directions restrict optimal Gaussian position, preventing adaptation to the

most reliable configuration.
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Table 4.3: Ablation Results of CoCoGaussian.

Methods PSNR↘ SSIM↘ LPIPS≃

Baseline [7] 25.72 0.8291 0.1817

w/o CoC 28.29 0.8778 0.0927
w/o CoC direction vector 28.91 0.8893 0.0896
w/o CoC scaling 29.46 0.9058 0.0793
w/o aperture parameter 27.37 0.8510 0.1113

Ours Full 30.14 0.9127 0.0701

Aperture Parameter. The aperture parameter K includes the aperture diameter

and focal length, and it plays a critical role in determining the size of the CoC. With-

out this parameter, there is an upper limit to the CoC diameter calculation, making

accurate computation challenging. Experimental results indicate that although per-

formance is somewhat lower than the full model, it is improved over the baseline.

This suggests that while the model is unable to determine precise CoC size without

K, it still learns the focus plane and captures the in-focus region accurately.

CoC Scaling Factor. In this setup, we include the learnable direction vector

while omitting the CoC scaling factor ωm. Although the performance is slightly

better than when the direction vector is excluded, it remains lower than that of

the full model. Without the CoC scaling factor, CoC Gaussian generation becomes

overly dependent on depth, leading to errors in CoC diameter calculation when depth

values are inaccurate. Including the CoC scaling factor enables the full model to

handle uncertain depth more robustly, improving performance. We visualize scenes

with reflections and refractions in Fig. 4.5. The top scene models a transparent cup
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where light refracts, and the rendered result without CoC scaling shows significant

artifacts on the cup. Similarly, in the bottom scene, where a metallic pipe causes light

reflection, the absence of CoC scaling leads to many floaters in the a"ected areas.

This indicates that the CoC Gaussians without CoC scaling factor are overfitted

to the training images, resulting in poorly optimized base Gaussian positions µB.

Furthermore, this overfitting may potentially a"ect the covariance of the Gaussians

and their SH coe!cients. In other words, objects with reflections or refractions often

exhibit inconsistent radiance depending on the view direction, making it challenging

for 3DGS [7] to properly optimize for such textures. This inherent limitation of 3DGS

causes the CoC Gaussians to overly rely on inaccurately optimized depth, leading

to suboptimal outputs. By incorporating the CoC scaling factor during training, we

enable robust modeling of CoC Gaussians even in scenes with challenging reflective

or refractive surfaces.
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Figure 4.5: Qualitative Ablation of CoC Scaling Factor. The figures are from Cup

and Tools scenes of Deblur-NeRF [1] real-world dataset.
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Number of CoC Gaussians. We conduct ablative experiments on the number

of CoC Gaussians, M , with the results as shown in Tab. 4.4. For PSNR and SSIM,

the scores vary inconsistently as M changes. This inconsistency arises primarily from

di"erences in light exposure between defocused images for training and sharp images

for evaluation, which depends on the aperture size and exposure time used to equalize

the amount of light. In the DoF-NeRF [6] dataset, defocused images are captured

with an aperture of f/4 and an exposure time of 1/13 seconds, while sharp images are

captured with an aperture of f/11 and an exposure time of 0.8 seconds. The change

from f/4 to f/11 reduces light by a factor of 1/8 due to a 3-stop aperture decrease.

Meanwhile, the exposure time increases by a factor of approximately 10.4, from

1/13 seconds to 0.8 seconds. Accounting for both aperture and exposure time, sharp

images receive 1.3 times more light than defocused images, making the latter slightly

darker. Consequently, higher PSNR and SSIM scores do not necessarily indicate

better quality.

On the other hand, for LPIPS, larger values of M generally result in better

performance. Since LPIPS evaluates quality based on high-level features, such as

geometric di"erences, rather than pixel-level or luminance-based di"erences, it aligns

more closely with human visual perception. As a result, a lower LPIPS score is a more

reliable measure of image quality compared to higher PSNR or SSIM scores.
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Table 4.5: Results on NeRF-LLFF [4,5] Dataset.

Methods PSNR↘ SSIM↘ LPIPS≃

3DGS [7] 27.10 0.8619 0.0569
Ours 27.76 0.8738 0.0372

4.4.3 Experiments on All-in-Focus Images.

We conduct novel view synthesis experiments using all-in-focus images to verify

the generalization performance of CoCoGaussian. We utilize the NeRF-LLFF [4,5]

dataset, which contains real-world images. As shown in Tab. 4.5, our approach out-

performs the baseline 3DGS [7] across all metrics. In practice, when the aperture

is very small, radiance from a point on the subject forms a tiny CoC on the image

sensor after passing through the aperture, even if the subject is slightly away from

the focus plane. Because the CoC is so small, the resulting image is not perceived as

defocused. By modeling this small circle, which is di!cult to detect with the human

eye, our approach achieves higher performance than the baseline 3DGS.
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4.4.4 Customizable Depth of Field and Focus Plane

Customizing the depth of field and focus settings is essential in various applica-

tions, such as augmented reality (AR) and virtual reality (VR), where control over

depth cues and focus e"ects can greatly enhance visual realism and viewer engage-

ment. Since our approach incorporates the aperture parameter K in CoC modeling,

it enables customization of both CoC size and depth of field by adjusting this param-

eter. The top row in Fig. 4.6 visualizes increasing depth of field by gradually reducing

K from left to right. As the focus plane is positioned at a shallow depth, the model

consistently captures focus in this region. However, in the leftmost image, the large

aperture causes the CoC size to increase at deeper depths, resulting in defocus blur.

Additionally, our model can customize the focus plane of defocused images, as

shown in the bottom row of Fig. 4.6, where the focus plane shifts from shallow

depth on the left to deeper depth on the right. The shallow regions are in focus

on the leftmost image, while deeper areas remain out of focus, and the opposite

holds for the rightmost image. This level of control over focus and depth e"ects

is essential for achieving realistic depth cues. Therefore, CoCoGaussian not only

demonstrates superior capability in synthesizing sharp novel view images but also

provides enhanced flexibility in adjusting aperture and focus plane settings.
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Table 4.6: Computational E!ciency and Speed. * indicates that the rendering speed
is identical to that of the corresponding model.

Methods
GPU Memory Training Time

Rendering Speed
(GB) (min)

BAGS [9] 4.7 47 *Mip-Splatting [2]
Ours 5.3 45 *3DGS [7]

4.4.5 Computational E!ciency and Speed

We compare our GPU usage, training time, and rendering speed with BAGS [9],

a state-of-the-art method, on the Deblur-NeRF real-world dataset using an NVIDIA

RTX 3090. As shown in the Tab. 4.6, CoCoGaussian achieves comparable resource

consumption and training time while delivering superior performance.

After the training phase, CoCoGaussian renders sharp images using only the GB

through a naive 3DGS. In the other words, the rendering speed and memory cost are

the same as 3DGS alone. Therefore, our method is feasible for real-time applications

that rely on 3DGS rendering speeds.
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4.4.6 CoC Visualization

We visualize the CoC for various types of images in Fig. 4.7 and Fig. 4.8. To

simplify the visualization, we randomly sample a subset of positions from numerous

Gaussians. The points in Fig. 4.7 represent the positions of Gaussians for defocused

images. For images where the focus plane is close to the camera, CoCoGaussian

generates CoC sizes that are very small for shallow depths and progressively larger

for deeper depths. However, when the focus plane is farther from the camera, the CoC

sizes reconstructed at greater depths are smaller. This demonstrates the e"ectiveness

of our modeling, accurately reflecting the principles of defocus blur.

In contrast, Fig. 4.8 visualizes the CoC for an all-in-focus scene [4], where the

CoC sizes remain uniformly small regardless of depth. This suggests that the learned

aperture size is very small, ensuring precise modeling of all-in-focus images. In other

words, CoCoGaussian can model small apertures and capture subtle defocus e"ects

that are imperceptible to the human eye, which contributes to its superior perfor-

mance compared to naive 3DGS [7], as demonstrated in Tab. 4.4 of the main paper.

In summary, our model can accurately represent 3D scenes for both defocused and

all-in-focus images, highlighting its versatility and robustness.
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Camera
Close Depth

Far Depth

All-in-Focus Image

Figure 4.8: Gaussian Positions of All-in-Focus Images.

4.4.7 Per-Scene Quantitative Results

We present the performance for individual scenes across all datasets in Tabs. 4.7

to 4.9. CoCoGaussian achieves the best LPIPS scores in all scenes except for the

Coral scene in the Deblur-NeRF Real-World dataset. As discussed in Sec. 4.4.2,

this indicates that CoCoGaussian exhibits high-level feature representation.

44



T
ab

le
4.

7:
P
er

-S
ce

n
e

Q
u
an

ti
ta

ti
ve

R
es

u
lt

s
on

D
eb

lu
r-

N
eR

F
[1

]
S
y
n
th

et
ic

D
at

as
et

.

M
et

h
o
d
s

F
a
c
t
o
r
y

C
o
z
y
r
o
o
m

P
o
o
l

T
a
n
a
b
a
t
a

T
r
o
l
l
e
y

P
S
N

R
↔

S
S
IM

↔
L
P

IP
S
↗

P
S
N

R
↔

S
S
IM

↔
L
P

IP
S
↗

P
S
N

R
↔

S
S
IM

↔
L
P

IP
S
↗

P
S
N

R
↔

S
S
IM

↔
L
P

IP
S
↗

P
S
N

R
↔

S
S
IM

↔
L
P

IP
S
↗

N
eR

F
[4

]
2
5
.3

6
0
.7

8
4
7

0
.2

3
5
1

3
0
.0

3
0
.8

9
2
6

0
.0

8
8
5

2
7
.7

7
0
.7

2
6
6

0
.3

3
4
0

2
3
.9

0
0
.7

8
1
1

0
.2

1
4
2

2
2
.6

7
0
.7

1
0
3

0
.2

7
9
9

3
D

G
S

[7
]

2
4
.5

2
0
.8

0
5
7

0
.1

8
4
2

3
0
.0

9
0
.9

0
2
4

0
.0

6
9
2

2
0
.1

4
0
.4

4
5
1

0
.5

0
9
4

2
3
.0

8
0
.7

9
8
1

0
.1

7
1
0

2
2
.2

6
0
.7

4
0
0

0
.2

2
8
1

D
eb

lu
r-

N
eR

F
[1

]
2
8
.0

3
0
.8

6
2
8

0
.1

1
2
7

3
1
.8

5
0
.9

1
7
5

0
.0

4
8
1

3
0
.5

2
0
.8

2
4
6

0
.1

9
0
1

2
6
.2

6
0
.8

5
1
7

0
.0

9
9
5

2
5
.1

8
0
.8

0
6
7

0
.1

4
3
6

P
D

R
F
-1

0
[2

2
]

3
0
.9

0
0
.9

1
3
8

0
.1

0
6
6

3
2
.2

9
0
.9

3
0
5

0
.0

5
1
8

3
0
.9

7
0
.8

4
0
8

0
.1

8
9
3

2
8
.1

8
0
.9

0
0
6

0
.0

8
1
9

2
8
.0

7
0
.8

7
9
9

0
.1

2
1
0

D
P

-N
eR

F
[1

0
]

2
9
.2

6
0
.8

7
9
3

0
.1

0
3
5

3
2
.1

1
0
.9

2
1
5

0
.0

3
8
6

3
1
.4

4
0
.8

5
2
9

0
.1

5
6
3

2
7
.0

5
0
.8

6
3
5

0
.0

7
7
9

2
6
.7

9
0
.8

3
9
5

0
.1

1
7
0

D
eb

lu
rr

in
g

3
D

G
S

[8
]

2
7
.3

9
0
.8

9
2
2

0
.1

1
6
0

3
1
.2

9
0
.9

2
0
1

0
.0

5
0
5

3
1
.2

7
0
.8

5
6
5

0
.1

5
5
6

2
7
.0

4
0
.9

0
2
9

0
.0

8
7
2

2
7
.5

3
0
.8

8
4
3

0
.1

1
6
7

B
A

G
S

[9
]

3
0
.8

7
0
.9

3
3
4

0
.0

7
2
4

3
2
.4

5
0
.9

3
1
2

0
.0

2
8
9

3
1
.7

8
0
.8

6
4
5

0
.0

9
3
2

2
9
.1

9
0
.9

2
7
8

0
.0

4
0
5

2
8
.9

7
0
.9

0
7
0

0
.0

8
0
4

O
u
rs

3
0
.1

5
0
.9

3
0
0

0
.0

4
8
9

3
3
.0

2
0
.9

4
1
0

0
.0

2
1
3

3
1
.9

6
0
.8

7
8
8

0
.0

8
0
3

2
9
.6

5
0
.9

3
9
6

0
.0

2
6
3

2
9
.4

1
0
.9

1
6
5

0
.0

6
2
0

45



T
ab

le
4.

8:
P
er

-S
ce

n
e

Q
u
an

ti
ta

ti
ve

R
es

u
lt

s
on

D
eb

lu
r-

N
eR

F
[1

]
R

ea
l-
W

or
ld

D
at

as
et

.

M
et

h
o
d
s

C
a
k
e

C
a
p
s

C
is
c
o

C
o
r
a
l

C
u
p
c
a
k
e

P
S
N

R
↔

S
S
IM

↔
L
P

IP
S
↗

P
S
N

R
↔

S
S
IM

↔
L
P

IP
S
↗

P
S
N

R
↔

S
S
IM

↔
L
P

IP
S
↗

P
S
N

R
↔

S
S
IM

↔
L
P

IP
S
↗

P
S
N

R
↔

S
S
IM

↔
L
P

IP
S
↗

N
eR

F
[4

]
2
4
.4

2
0
.7

2
1
0

0
.2

2
5
0

2
2
.7

3
0
.6

3
1
2

0
.2

8
0
1

2
0
.7

2
0
.7

2
1
7

0
.1

2
5
6

1
9
.8

1
0
.5

6
5
8

0
.2

1
5
5

2
1
.8

8
0
.6

8
0
9

0
.2

6
8
9

3
D

G
S

[7
]

2
0
.1

6
0
.5

9
0
3

0
.2

0
8
2

1
9
.0

8
0
.4

3
5
5

0
.4

3
2
9

2
0
.0

1
0
.6

9
3
1

0
.1

7
8
1

1
9
.5

0
0
.5

5
1
9

0
.3

1
1
1

2
1
.5

3
0
.6

7
9
4

0
.2

0
8
1

D
eb

lu
r-

N
eR

F
[1

]
2
6
.2

7
0
.7

8
0
0

0
.1

2
8
2

2
3
.8

7
0
.7

1
2
8

0
.1

6
1
2

2
0
.8

3
0
.7

2
7
0

0
.0

8
6
8

1
9
.8

5
0
.5

9
9
9

0
.1

1
6
0

2
2
.2

6
0
.7

2
1
9

0
.1

2
1
4

P
D

R
F
-1

0
[2

2
]

2
7
.0

6
0
.8

0
3
2

0
.1

6
2
2

2
4
.0

6
0
.7

1
0
2

0
.2

8
5
4

2
0
.6

8
0
.7

2
3
9

0
.0

9
4
3

1
9
.6

1
0
.5

8
9
4

0
.2

3
3
5

2
2
.9

5
0
.7

4
2
1

0
.1

8
6
2

D
P

-N
eR

F
[1

0
]

2
6
.1

6
0
.7

7
8
1

0
.1

2
6
7

2
3
.9

5
0
.7

1
2
2

0
.1

4
3
0

2
0
.7

3
0
.7

2
6
0

0
.0

8
4
0

2
0
.1

1
0
.6

1
0
7

0
.0

9
6
0

2
2
.8

0
0
.7

4
0
9

0
.1

1
7
8

D
eb

lu
rr

in
g

3
D

G
S

[8
]

2
6
.9

1
0
.8

0
3
9

0
.1

1
3
6

2
4
.4

5
0
.7

3
9
1

0
.1

5
0
9

2
0
.5

5
0
.7

2
2
7

0
.0

8
1
6

1
8
.9

9
0
.5

5
3
4

0
.2

7
6
7

2
2
.1

1
0
.7

3
5
6

0
.1

0
2
1

B
A

G
S

[9
]

2
6
.5

3
0
.7

9
9
6

0
.1

1
1
3

2
4
.1

5
0
.7

4
2
2

0
.1

3
9
1

2
0
.3

1
0
.7

2
3
0

0
.0

7
5
9

1
9
.6

3
0
.6

0
1
6

0
.1

1
1
4

2
1
.5

2
0
.6

9
7
1

0
.1

2
1
4

O
u
rs

2
6
.6

5
0
.8

0
4
3

0
.1

0
3
7

2
4
.6

2
0
.7

4
7
2

0
.1

3
3
4

2
0
.8

3
0
.7

3
5
9

0
.0

6
8
0

1
9
.5

7
0
.5

9
2
5

0
.1

1
0
5

2
2
.4

8
0
.7

5
1
5

0
.0

7
3
9

M
et

h
o
d
s

C
u
p
s

D
a
is
y

S
a
u
s
a
g
e

S
e
a
l

T
o
o
l
s

P
S
N

R
↔

S
S
IM

↔
L
P

IP
S
↗

P
S
N

R
↔

S
S
IM

↔
L
P

IP
S
↗

P
S
N

R
↔

S
S
IM

↔
L
P

IP
S
↗

P
S
N

R
↔

S
S
IM

↔
L
P

IP
S
↗

P
S
N

R
↔

S
S
IM

↔
L
P

IP
S
↗

N
eR

F
[4

]
2
5
.0

2
0
.7

5
8
1

0
.2

3
1
5

2
2
.7

4
0
.6

2
0
3

0
.2

6
2
1

1
7
.7

9
0
.4

8
3
0

0
.2

7
8
9

2
2
.7

9
0
.6

2
6
7

0
.2

6
8
0

2
6
.0

8
0
.8

5
2
3

0
.1

5
4
7

3
D

G
S

[7
]

2
0
.5

5
0
.6

4
5
9

0
.3

2
1
1

2
0
.9

6
0
.6

0
0
4

0
.2

6
2
9

1
7
.8

3
0
.4

7
1
8

0
.2

8
5
5

2
2
.2

5
0
.5

9
0
5

0
.3

0
5
7

2
3
.8

2
0
.8

0
5
0

0
.1

9
5
3

D
eb

lu
r-

N
eR

F
[1

]
2
6
.2

1
0
.7

9
8
7

0
.1

2
7
1

2
3
.5

2
0
.6

8
7
0

0
.1

2
0
8

1
8
.0

1
0
.4

9
9
8

0
.1

7
9
6

2
6
.0

4
0
.7

7
7
3

0
.1

0
4
8

2
7
.8

1
0
.8

9
4
9

0
.0

6
1
0

P
D

R
F
-1

0
[2

2
]

2
6
.3

9
0
.8

0
6
6

0
.1

3
7
0

2
4
.4

9
0
.7

4
2
6

0
.1

0
2
4

1
8
.9

4
0
.5

6
8
6

0
.2

1
2
6

2
6
.3

6
0
.7

9
5
9

0
.1

9
2
7

2
8
.0

0
0
.8

9
9
5

0
.1

3
9
5

D
P

-N
eR

F
[1

0
]

2
6
.7

5
0
.8

1
3
6

0
.1

0
3
5

2
3
.7

9
0
.6

9
7
1

0
.1

0
7
5

1
8
.3

5
0
.5

4
4
3

0
.1

4
7
3

2
5
.9

5
0
.7

7
7
9

0
.1

0
2
6

2
8
.0

7
0
.8

9
8
0

0
.0

5
3
9

D
eb

lu
rr

in
g

3
D

G
S

[8
]

2
6
.2

3
0
.8

2
3
0

0
.1

0
1
4

2
3
.3

9
0
.7

2
8
8

0
.0

9
7
9

1
8
.8

3
0
.5

6
0
9

0
.1

4
7
0

2
6
.0

4
0
.8

0
8
7

0
.0

9
8
8

2
7
.8

6
0
.9

0
6
9

0
.0

6
1
9

B
A

G
S

[9
]

2
6
.1

4
0
.8

1
9
4

0
.0

9
0
1

2
3
.0

0
0
.7

3
3
2

0
.0

5
4
0

1
8
.6

6
0
.5

7
2
1

0
.1

1
7
6

2
6
.1

6
0
.8

0
5
0

0
.0

9
6
7

2
8
.7

2
0
.9

1
4
8

0
.0

4
5
0

O
u
rs

2
6
.2

0
0
.8

3
1
7

0
.0

7
7
3

2
3
.3

9
0
.7

4
2
5

0
.0

5
0
3

1
9
.2

0
0
.5

8
6
4

0
.1

0
0
7

2
6
.1

0
0
.8

2
4
3

0
.0

6
6
3

2
7
.9

1
0
.9

1
4
9

0
.0

4
1
6

46



T
ab

le
4.

9:
P
er

-S
ce

n
e

Q
u
an

ti
ta

ti
ve

R
es

u
lt

s
on

D
oF

-N
eR

F
[6

]
R

ea
l-
W

or
ld

D
at

as
et

.

M
et

h
o
d
s

A
m
iy

a
B

o
o
k

C
a
m
e
r
a

D
e
s
k

P
S
N

R
↔

S
S
IM

↔
L
P

IP
S
↗

P
S
N

R
↔

S
S
IM

↔
L
P

IP
S
↗

P
S
N

R
↔

S
S
IM

↔
L
P

IP
S
↗

P
S
N

R
↔

S
S
IM

↔
L
P

IP
S
↗

3
D

G
S

[7
]

2
6
.1

6
0
.8

7
1
8

0
.1

7
6
1

2
4
.7

3
0
.8

4
8
0

0
.1

9
8
0

2
5
.0

5
0
.8

4
2
9

0
.1

6
4
1

2
7
.4

7
0
.8

7
6
0

0
.1

4
2
2

D
P

-N
eR

F
[1

]
2
8
.6

4
0
.8

8
4
9

0
.1

4
2
1

2
8
.5

1
0
.8

5
2
0

0
.1

6
6
9

2
6
.5

0
0
.8

6
6
7

0
.1

3
3
2

2
7
.5

7
0
.8

2
3
8

0
.1

7
1
2

D
eb

lu
rr

in
g

3
D

-G
S

[2
2
]

2
6
.2

1
0
.8

7
2
8

0
.1

8
1
5

2
7
.2

9
0
.8

7
5
4

0
.1

5
8
4

2
5
.6

3
0
.8

4
8
6

0
.1

7
9
6

2
9
.0

8
0
.8

4
7
8

0
.1

6
7
2

B
A

G
S

[1
0
]

3
1
.8

6
0
.9

4
5
3

0
.0

8
7
4

2
9
.4

1
0
.7

5
1
5

0
.2

2
1
4

2
9
.2

0
0
.9

2
4
8

0
.0

7
3
0

2
9
.7

7
0
.9

1
7
5

0
.0

7
2
2

O
u
rs

3
0
.5

9
0
.9

4
0
6

0
.0

8
6
7

3
1
.5

8
0
.9

3
0
4

0
.0

5
8
5

3
0
.2

1
0
.9

3
7
2

0
.0

6
0
9

2
9
.9

4
0
.9

1
8
8

0
.0

5
5
9

M
et

h
o
d
s

K
e
n
d
o

P
l
a
n
t

S
h
e
l
f

A
v
e
r
a
g
e

P
S
N

R
↔

S
S
IM

↔
L
P

IP
S
↗

P
S
N

R
↔

S
S
IM

↔
L
P

IP
S
↗

P
S
N

R
↔

S
S
IM

↔
L
P

IP
S
↗

P
S
N

R
↔

S
S
IM

↔
L
P

IP
S
↗

3
D

G
S

[7
]

2
0
.6

3
0
.6

8
3
9

0
.2

7
1
5

2
6
.6

4
0
.7

8
9
7

0
.2

0
4
7

2
9
.3

7
0
.8

9
1
3

0
.1

1
5
0

2
5
.7

2
0
.8

2
9
1

0
.1

8
1
7

D
P

-N
eR

F
[1

]
1
9
.6

4
0
.6

1
6
6

0
.3

2
0
5

2
8
.0

7
0
.8

1
5
8

0
.1

6
6
8

2
8
.6

4
0
.8

4
1
5

0
.1

5
2
5

2
6
.8

0
0
.8

1
4
5

0
.1

7
9
0

D
eb

lu
rr

in
g

3
D

-G
S

[2
2
]

2
2
.7

4
0
.7

5
5
9

0
.1

9
0
4

2
6
.6

6
0
.7

9
0
0

0
.2

0
8
1

2
8
.4

4
0
.8

7
9
8

0
.1

1
0
2

2
6
.5

8
0
.8

3
8
6

0
.1

7
0
8

B
A

G
S

[1
0
]

2
6
.1

9
0
.8

4
5
7

0
.1

2
9
1

3
0
.6

6
0
.8

6
4
4

0
.1

1
2
8

3
2
.0

3
0
.9

2
2
3

0
.0

7
4
1

2
9
.8

7
0
.8

8
1
6

0
.1

1
0
0

O
u
rs

2
6
.2

6
0
.8

5
6
0

0
.1

1
6
0

3
1
.0

1
0
.8

8
8
1

0
.0

6
9
3

3
1
.3

8
0
.9

1
8
1

0
.0

4
3
1

3
0
.1

4
0
.9

1
2
7

0
.0

7
0
1

47



Chapter 5

Continuous Motion-Aware

Gaussian Splatting from

Motion-Blurred Images

5.1 Introduction

Novel view synthesis has recently garnered significant attention, with neural ra-

diance fields (NeRF) [4] making considerable advancements in photo-realistic neural

rendering. NeRF takes sharp 2D images from multiple views as input to reconstruct

precise 3D scenes, which are crucial for applications such as augmented reality (AR)

and virtual reality (VR). However, ine!cient memory usage of NeRF’s volume ren-

dering process poses challenges for real-time applications. To address this, 3D Gaus-

sian Splatting (3DGS) [7] has recently emerged, o"ering an alternative by explicitly

representing 3D scenes and enabling real-time rendering through a di"erentiable

splatting method.
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However, for precise 3D scene representation in real-world scenarios, it is essen-

tial to address various forms of image quality degradation, such as camera motion

blur and defocus blur. Current methods like NeRF and 3DGS rely on sharp images

as input, which assumes highly ideal conditions. Obtaining sharp images requires a

large depth of field (DoF), necessitating a very small aperture setting [26]. However,

a smaller aperture limits light intake, leading to longer exposure times. With longer

exposure, even slight camera movement introduces complex motion blur in the im-

ages. Therefore, developing techniques that can handle motion blur in input images

is crucial for accurate 3D scene reconstruction. Our research tackles this challenge

by focusing on reconstructing precise 3D scenes from motion-blurred images, thus

broadening the applicability of neural rendering in more realistic conditions.

Recently, several methods have been proposed to achieve sharp novel view ren-

dering from camera motion-blurred images. Inspired by traditional blind image de-

blurring techniques, Deblur-NeRF [1] firstly introduces a method for deblurring 3D

scenes. This approach designs a learnable kernel that intentionally blurs images dur-

ing training, and during rendering, excludes the learned blurring kernel to render

sharp novel view images. Following this approach, various methods targeting camera

motion blur [8–10,22,23,25] have emerged, aiming to improve blurring kernel estima-

tion accuracy. However, all of these methods predict the camera trajectory without

enforcing continuity of camera motion throughout the exposure time (e.g., simple

spline functions [23,25]). This oversight is critical because motion blur arises from

the continuous integration of scene radiance over the camera’s actual movement
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during the exposure interval. When continuity is not properly accounted for, the

predicted motion can exhibit abrupt or piecewise transitions that deviate from phys-

ically plausible camera trajectories, resulting in inaccurate blur approximation and

suboptimal deblurring performance. While these methods can model simpler motion

blur scenarios, they fail to capture complex, smoothly varying camera motion due to

their lack of a temporally coherent representation.

In this paper, we propose a Continuous Motion-Aware Gaussian Splatting,

namly CoMoGaussian, a novel approach with three key contributions. First, we ap-

ply neural ordinary di"erential equations (ODEs) [11] to model continuous camera

movement during exposure time, as illustrated in Fig. 5.1. By continuously model-

ing the camera trajectory in 3D space, we introduce a model that is fundamentally

di"erent from existing methods [1,10,22,23]. Second, we continuously model rigid

body transformation over time to accurately capture the shape and size of the static

subject throughout the camera movement. By leveraging a continuous representa-

tion of rigid motion, our approach better accounts for subtle variations in trajec-

tory, leading to more precise reconstruction of static structures. Third, we introduce

a continuous motion refinement (CMR) transformation, which enhances rigid mo-

tion modeling by incorporating learnable transformations, enabling more accurate

approximation of motion blur trajectories. To integrate these components into a

high-quality real-time rendering framework, we adopt Mip-Splatting [2], a di"eren-

tiable rasterization-based approach built on 3DGS [7]. We evaluate and compare our

approach on Deblur-NeRF [1] and ExbluRF [3] datasets, achieving state-of-the-art
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results across the benchmarks. To demonstrate the e"ectiveness of CoMoGaussian,

we conduct various ablative experiments on the proposed contributions.

5.2 Preliminaries

5.2.1 Neural Ordinary Di"erential Equations

Neural ODEs [11] are first proposed as an approach that interprets neural net-

works as the derivatives of a ODE systems, where ODEs represent the dynamics

inherent to the hidden states. Specifically, neural ODEs are utilized to represent

parameterized, time-continuous dynamics in the latent space, providing a unique so-

lution given an initial value and numerical di"erential equation solvers [37]. Recently,

there has been extensive research on neural ODEs. For instance, Latent-ODE [38]

models the continuous dynamics of irregularly sampled time-series data, while Vid-

ODE [39] models a smooth latent space by capturing the underlying continuous

dynamics of videos.

Neural ODEs model a continuous and di"erentiable latent state z(ϱ). Within an

infinitesimally small step limit ⇀ in the latent space, the local continuous dynamics

are modeled as z(ϱ + ⇀) = z(ϱ) + ⇀ · dz(ϖ)
dϖ

. The derivative of the latent state, dz(ϖ)
dϖ

, is

represented by a neural network f(z(ϱ), ϱ ;⇁) parameterized by learnable parameters

⇁. The latent state at any arbitrary time ϱs is obtained by solving the ODE from the
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initial time ϱ0:

z (ϱs) = z (ϱ0) +

∫ ϖs

ϖ0

f(z(ϱ), ϱ ;⇁)dϱ = ODESolve
(

z(t0), f, t0, ts,⇁
)

. (5.1)

The derivative f modeled by the neural network is expressed as a uniformly Lip-

schitz continuous non-linear function in z and ϱ [40]. Therefore, the solution ob-

tained through the solver for any given integration interval (ϱi, ϱj) is always unique

in the integration of the continuous dynamics. The simplest method to solve ODE

is the Euler method [41], which is a fixed-step-size first-order solver. Additionally,

the Runge-Kutta [42] methods are preferred as a higher-order solvers as they o"er

enhanced stability.

The derivative f modeled by the neural network is expressed as a uniformly Lips-

chitz continuous non-linear function in z and ϱ [40]. Therefore, the solution obtained

through the solver for any given integration interval (ϱi, ϱj) is always unique in the

integration of the continuous dynamics. We model the 3D camera trajectory as time-

continuous using neural ODEs in the latent space for a continuous representation. In

our experiments, we adopt the fourth-order Runge-Kutta solver for all experiments,

following [11].
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5.3 Method

5.3.1 CoMoGaussian Framework

Our goal is to reconstruct a sharp 3D scene using only camera motion-blurred

images as input, thereby obtaining deblurred novel view images. Inspired by image

blind deblurring methods, we follow the approach of Deblur-NeRF [1], learning a

kernel that intentionally blurs images and excluding this kernel during rendering to

produce sharp images. Since sharp image supervision is not available during train-

ing, we adhere to the fundamental principle of accurately simulating motion-blurred

images. In this framework, learning to reconstruct blurry images inherently drives

the model to capture the underlying sharp image representation. As illustrated in

Fig. 5.1, our blurring process consists of camera poses along the camera motion tra-

jectory, generated continuously in time order through neural ODEs [11]. Each pose

is composed of a rigid body transformation T̃r = [R̃r|t̃r] (Sec. 5.3.2), which main-

tains the shape and size of the subject, and a continuous motion refinement (CMR)

transformation T̃c = [R̃c|t̃c] (Sec. 5.3.3), which compensates for the limitations of

approximating continuous motion using a discrete sum of rigid transformations by

introducing learnable adjustments. Note that R → R
3→3 and t → R

3 represent rota-

tion matrix and translation vector, and R̃ → R
3→3 and t̃ → R

3 stand for multiplicative

o"sets of change of the rotation matrix and translation vector, respectively. Given

the two transformation matrices T̃r = [R̃r|t̃r] and T̃c = [R̃c|t̃c], the subsequent pose
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Tϖs(0 ⇐ s < N) in the camera motion is derived as follows:

Tϖs = TϖM T̃ϖs
r T̃ϖs

c , where T = [R|t] =









R t

0 1









, (5.2)

where TϖM (M = N/2) denotes given calibrated camera pose. We assume that cali-

brated camera pose is located at the midpoint of the camera motion trajectory, as

it represents an averaged position influenced by the integration of motion blur over

the exposure time. By rendering N images from the obtained N camera poses and

computing their pixel-wise weighted sum (Sec. 5.3.4), we obtain the final blurred

image. Our framework is shown in Fig. 5.2.
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5.3.2 Continuous Rigid Body Motion

To design the camera motion trajectory within the exposure time, we apply rigid

body transformation in that the shape and size of the object remain unchanged. Rigid

body transformation requires three components for the unit screw axis S = (ω̂, v):

the unit rotation axis ω̂ → R
3, the rotation angle ς about the axis, and the translation

component v → R
3 for translation. Considering that the direction and extent of blur

vary for each image in a single scene, we embed the image index of the scene to obtain

di"erent embedded features for each image as shown in Fig. 5.2. These features are

then passed through an encoder Er with a single-layer MLP, transforming them into

the latent features zr(ϱ0), which potentially represent for ω̂, ς, and v of S. Then,

we model the continuous latent space for the screw axis using a neural ODEs [11]

to assign the latent continuity to the screw axis in camera motion trajectory. The

neural derivative f of the latent features for the screw axis is expressed as dzr(ϖ)
dϖ

=

f(zr(ϱ), ϱ ;⇁), and the latent features at an arbitrary time ϱs can be obtained by

ODE solver, numerically integrating f from ϱM to ϱs:

zr (ϱs) = zr (ϱM ) +

∫ ϖs

ϖM

f(zr(ϱ), ϱ ;⇁)dϱ. (5.3)

To obtain N poses along the camera trajectory, we uniformly sample N time points

within the fixed exposure time and get N latent features by applying the Eq. (5.3)

to them. We then transform the latent features obtained by the ODE solver into

the unit screw axis S using a single-layer MLP decoder Dr. In Nerfies [43] and DP-
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NeRF [10], the angular velocity ω = ω̂ς is modeled and then decomposed into the

unit rotation axis ω̂ and the rotation angle ς, making the two elements dependent

on each other. However, since ς represents the rotation amount about the axis, these

two elements should be independent. Therefore, we model ω̂ with normalization and

ς independently through the decoder Dr:

Dr

(

zr(ϱ)
)

= (ω̂ϖ , ςϖ , vϖ ), where ||ω̂ϖ || = 1. (5.4)

According to [44], the screw axis Sϖ = (ω̂ϖ , vϖ ) is a normalized twist, so the infinites-

imal transformation matrix [Sϖ ] → R
4→4 is represented as follows:

[Sϖ ] =









[ω̂ϖ ] vϖ

0 0









→ se(3), (5.5)

where [ω̂ϖ ] → so(3) is a 3 ↔ 3 skew-symmetric matrix of vector ω̂ϖ . To derive the

infinitesimal transformation matrix [Sϖ ]ςϖ → se(3) on the Lie Algebra to the trans-

formation matrix Tϖ
r → SE(3) in the Lie Group, we use the matrix exponential e[S

ω ]ωω ,

whose rotation matrix and translation vector are Rϖ
r = e[ϱ̂

ω ]ωω and tϖr = G(ςϖ )vϖ ,

respectively. These matrices are expressed as follows using Rodrigues’ formula [45]

through Taylor expansion:

e[ϱ̂
ω ]ωω = I + sin ςϖ [ω̂ϖ ] + (1↑ cos ςϖ )[ω̂ϖ ]2 → SO(3), (5.6)
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G(ςϖ ) = Iςϖ + (1↑ cos ςϖ )[ω̂ϖ ] + (ςϖ ↑ sin ςϖ )[ω̂ϖ ]2. (5.7)

Through the whole process, we obtain N continuous rigid body transformation ma-

trices Tr = e[S]ω, and by multiplying these with the input pose as in Eq. (5.2), we

obtain the transformed poses.

5.3.3 Continuous Motion Refinement

We predict the continuous camera trajectory using only rigid body transforma-

tions; however, the computation of blurry pixels through numerical integration is

inherently discrete. In other words, while a blurry pixel should ideally be formed by

continuous integration over time, we approximate it using only N discrete samples.

Consequently, rigid body transformations alone are insu!cient to accurately repre-

sent the continuous motion of the camera under discretized numerical integration. To

address this limitation, we introduce the CMR Transformation. This transformation

has higher degrees of freedom from a learning perspective and is simple to implement.

The CMR transformation optimizes the transformation matrix close to SE(3) with-

out explicitly enforcing its constraints. Unlike traditional rigid body transformations

that strictly adhere to SE(3) by parameterizing motion through a screw axis repre-

sentation (ω̂, v), the CMR transformation learns a transformation matrix R̃c and a

translation vector t̃c in an unconstrained space. This process begins by encoding the

image index into the latent state zc(ϱM ) of R̃c and t̃c using the encoder Ec with a

single-layer MLP, similar to Sec. 5.3.2. The latent state zc(ϱs) at any arbitrary time
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ϱs is obtained using the neural derivative g parameterized by ψ and a solver:

zc(ϱs) = zc(ϱM ) +

∫ ϖs

ϖM

g(zc(ϱ), ϱ ;ψ) dϱ. (5.8)

The latent features are then decoded into rotation matrix component Aϖ
c and trans-

lation vector t̃ϖc through a single-layer MLP decoder Dc:

Dc(zc(ϱ)) = (Aϖ
c , t̃

ϖ
c ) ↗ T̃ϖ

c =









R̃ϖ
c t̃ϖc

0 1









, (5.9)

where R̃ϖ
c = Aϖ

c + I and I is the identity matrix to initialize R̃ϖ
c to identity trans-

formation. Since the CMR transformation is intended to refine the rigid body trans-

formation, it should not significantly a"ect the rigid body transformation during

the initial stages of training. Therefore, we initialize the weights of the decoder to

approximate Aϖ
c to zero matrix using a uniform distribution U(↑10↓5, 10↓5), which

means that R̃ϖ
c is initialized close to identity matrix. To ensure that R̃c remains

close to a vaild rotation matrix, we apply explicit regularization, allowing for greater

flexibility while maintaining consistency with rigid motion. The proposed loss is Lo,

which ensures the orthogonality condition of rotation matrix: Lo = ⇒R̃↑
c R̃c ↑ I⇒2.

Finally, we get the refined transformed camera pose Tϖs using T̃ϖs
c and T̃ϖs

r obtained

from Sec. 5.3.2.
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5.3.4 Optimization

Pixel-wise Weight and Mask. Once the N images along the camera motion

trajectory are rendered from the N camera poses, we apply a pixel-wise weighted

sum to create the blurry image Iblur, following previous research [1,10,22,24]. To

satisfy Eq. (3.7), we use a shallow CNN F and a softmax function to compute the

pixel-wise weights P → R
N→H→W→3 for the resulting images, as follows:

Iblur =

N
∑

i=1

Iϖi · Pϖi , where P = softmax(F(I)), (5.10)

where Iϖi is the i-th image along the camera motion, and Pϖi is the pixel-wise weight

of i-th image. Additionally, we adopt per-pixel scalar mask [9] M → R
H→W→3 to

generate final output blurry image Iout by blending the sharp image IϖM at camera

pose TϖM and the blurry image Iblur acquired by pixel-wise weight:

Iout = (1↑M) · IϖM +M · Iblur. (5.11)

The scalar mask aims to decide whether each pixel is blurry or not, and a small

sparsity constraint is applied to the mask to assign a larger weight on IϖM , namely

mask sparsity loss LM, which is a mean value of the scalar mask. This method

allows us to obtain the final precise blurry image, which is then optimized against

the ground truth blurry image.
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Objective. We optimize the learning process using the L1 loss and D-SSIM be-

tween the generated output blurry image Iout and the ground truth blurry image,

similar to 3D-GS [7]. The L1 loss ensures pixel-wise accuracy, while D-SSIM captures

perceptual di"erences. Additionally, we apply the regularization loss Lo to regularize

the CMR transformation and mask sparsity loss LM. The final objective L is defined

as follows:

L = (1↑ φc)L1 + φcLD↓SSIM + φoLo + φMLM, (5.12)

where φc is a factor for balancing L1 and LD↓SSIM, and φo and φM are factors for

Lo and LM, respectively.

5.4 Experiments

Datasets. CoMoGaussian is evaluated using three datasets: the Deblur-NeRF [1]

synthetic dataset, the Deblur-NeRF real-world dataset, and the ExbluRF [3] real-

world dataset. The Deblur-NeRF synthetic dataset consists of 5 scenes generated

using Blender [31], where the images are combined in linear RGB space to create

the final blurred images. The Deblur-NeRF real-world dataset includes 10 scenes

captured with a CANON EOS RP camera, where the exposure time is manually

set to produce blurry images. The ExbluRF real-world dataset consists of 8 scenes

with challenging camera motion. We obtain the camera poses for each image and the

initial point clouds by applying COLMAP [32,33].
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Implementation Details CoMoGaussian is trained for 40k iterations based on

Mip-Splatting [2]. We set the number of poses N that constitute the continuous

camera trajectory to 9, which indicates that M is 5. The embedding function of

Sec. 5.3.2 is implemented by nn.Embedding of PyTorch, and the embedded features

have the sizes of hidden state of 64. The sizes of hidden state of the single-layer

encoders Er, Ec, and the single-layer decoders Dr, Dc are also 64. Dr consists of three

head MLPs that extract the screw axis parameters ω and v, along with ς, while Dc

comprises two head MLPs that extract Ac and tc as described in Sec. 5.3.3. The

neural derivative function f consists of two parallel single MLP layers, where one is

designated for the rotation component and the other for the translation component,

where f and g share the learnable parameters. The CNN F consists of two convo-

lutional layers with 32 channels with kernel size of 5↔5 for the first layer and 3↔3

for the rest one. The pixel-wise weights are obtained by applying a pointwise convo-

lutional layer to the output of F , and the scalar mask M is obtained by averaging

it to the batch axis and applying another pointwise convolution to the output of F .

For first 1k iterations, Gaussian primitives are roughly trained without rigid body

transformation and CMR transformation. After 1k iterations, those transformations

start to be trained without the pixel-wise weight and the scalar mask to allow the

initial camera motion path to be su!ciently optimized. After 3k iterations, the pixel-

wise weight and the scalar mask start training. We set φc, φo, and φM to 0.3, 10↓4,

and 10↓3 respectively for the objective function. All experiments are conducted on

a single NVIDIA RTX 4090 GPU.
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5.4.1 Novel View Synthesis Results

For quantitative results, we evaluate CoMoGaussian using three metrics: peak

signal-to-noise ratio (PSNR), structural similarity index measure (SSIM), and learned

perceptual image patch similarity (LPIPS). We compare our method with both ray-

based [1,4,10] and rasterization methods [2,8,9,25]. The overall results for all datasets

are shown in Tabs. 5.1 and 5.2, demonstrating that our method achieves superior

performance compared to all other methods. Additionally, benefiting from using

Mip-Splatting [2] as our backbone, our proposed method ensures fast training and

rendering speeds. We also observe that directly applying an image deblurring net-

work, Restormer [34], followed by Mip-Splatting improves the performance over naive

3DGS, but still falls far behind dedicated 3D deblurring methods. This indicates that

independently restoring each input image cannot fully recover view-consistent geom-

etry and appearance, as image-space deblurring does not explicitly model the 3D blur

formation process or camera motion during exposure. Although BAD-Gaussians [25]

achieves relatively good LPIPS scores on ExbluRF dataset, their PSNR and SSIM

scores are lower, indicating that their camera poses are not properly optimized.

To qualitatively evaluate the results, we visualize rendering results of several

scenes and compare to other methods as shown in Fig. 5.3. Our method shows supe-

rior qualitative results compared to the state-of-the-art rasterization-based methods

such as BAD-Gaussians [25], BAGS [9], and Deblurring 3DGS [8]. The bottom two

rows of Fig. 5.3 stand for visualizations of ExbluRF [3] Stone Lantern and Sun-

flowers scenes, where our CoMoGaussian best preserves the edge details of the
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Table 5.1: Comparisons on Deblur-NeRF synthetic and real-world scene dataset. “*”
denotes the results obtained by reproducing the released code. The orange and

yellow cells respectively indicate the highest and second-highest value.

Methods
Synthetic Scene [1] Real-World Scene [1]

PSNR↘ SSIM↘ LPIPS≃ PSNR↘ SSIM↘ LPIPS≃

Naive NeRF [4] 23.78 0.6807 0.3362 22.69 0.6347 0.3687
Mip-Splatting [2] 23.28 0.6765 0.2822 21.87 0.6270 0.3066
Restormer [34] + Mip-Splatting - - - 22.45 0.6845 0.2414

Deblur-NeRF [1] 28.77 0.8593 0.1400 25.63 0.7645 0.1820
DP-NeRF [10] 29.23 0.8674 0.1184 25.91 0.7751 0.1602

BAD-Gaussians* [25] 22.01 0.6377 0.1001 21.69 0.6471 0.1262
Deblurring 3DGS [8] 28.24 0.8580 0.1051 26.61 0.8224 0.1096
BAGS [9] 27.34 0.8353 0.1116 26.70 0.8237 0.0956

CoMoGaussian 31.02 0.9167 0.0492 27.85 0.8431 0.0822

Table 5.2: Comparisons on ExbluRF real-world scene dataset.

Methods
ExbluRF Real-World Scene [6]

PSNR↔ SSIM↔ LPIPS↗

Mip-Splatting [2] 24.52 0.5662 0.6003

ExbluRF [3] 23.45 0.5495 0.3805

BAD-Gaussians [25] 26.83 0.6625 0.3221
Deblurring 3DGS [8] 27.36 0.6795 0.3989
BAGS [9] 24.70 0.5843 0.5278

CoMoGaussian 30.15 0.7559 0.3107

ground truth, even when given input images with extreme motion blur.
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5.4.2 Ablation Study

To thoroughly demonstrate the e"ectiveness of rigid body and CMR transfor-

mations, we conduct ablation experiments as shown in Tab. 5.3. Additionally, we

perform further ablation studies for our continuous modeling, presented in Tab. 5.4.

All the experiments for Tabs. 5.3 and 5.4 are conducted on Deblur-NeRF [1] real-

world scenes.

Table 5.3: Ablation study on our main components.

Rigid Motion CMR Orth. Loss PSNR↘ SSIM↘ LPIPS≃

21.87 0.6270 0.3066
✁ 27.19 0.8249 0.1005
✁ ✁ 27.74 0.8402 0.0878
✁ ✁ ✁ 27.85 0.8431 0.0822

Ablation on Transformations. We analyze the impact of the main components

of CoMoGaussian: the rigid body transformation and the CMR transformation. The

baseline in Tab. 5.3 is Mip-Splatting [2], and when pixel-wise weights are not ap-

plied, the N rendered images are averaged to produce a blurry image. We observe

that incorporating the rigid body transformation alone into the baseline results in

significantly improved performance across all metrics compared to the baseline. Fur-

thermore, adding the CMR transformation to the rigid body motion, which com-

pensates for the discretized integration, consistently enhances performance across

all metrics. Finally, applying the orthogonality loss Lo, a component of the CMR

transformation, leads to further improvements in LPIPS.
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Table 5.4: Ablation study on the type of camera motion estimator.

Methods Physical Space Latent Space PSNR↘ SSIM↘ LPIPS≃

Linear Interpolation [25] ✁ 20.97 0.6085 0.1461
Cubic B-Spline [25] ✁ 21.69 0.6471 0.1262

MLP ✁ 27.43 0.8295 0.1010
GRU ✁ 27.40 0.8302 0.0988
Neural ODE ✁ 27.85 0.8435 0.0822

Ablation on Neural ODE. To validate the e"ectiveness of implementing rigid

body and CMR transformations continuously in latent space, we conduct ablation

studies using various approaches, as shown in Tab. 5.4. For linear interpolation and

cubic B-spline, we adopt the implementations from BAD-Gaussians [25]. Since these

methods operate in 3D physical space rather than latent space, they exhibit lower

performance compared to other latent space-based methods. For latent space-based

methods, we test MLP and GRU [46] as alternatives to neural ODEs. MLP-based

method replaces the neural ODE by extracting N latent features from the latent

feature of ϱM using a two-layer MLP. GRU-based method replaces the neural ODE

with GRU cells to generate latent features. Our neural ODE-based approach consis-

tently outperforms both methods. Notably, in our neural ODE framework, we ex-

tract features for all time points by propagating forward (ϱM ↗ ϱN ) and backward

(ϱM ↗ ϱ0) from the midpoint ϱM of the exposure time. Since all these processes share

the same neural derivative, they remain within the same function space. However,

in the GRU-based approach, forward and backward time features require separate

GRU cells, making it theoretically less suitable than our neural ODE-based method.
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Table 5.5: Experimental results on NeRF-LLFF [4,5] dataset.

Methods PSNR↘ SSIM↘ LPIPS≃

Mip-Splatting [2] 27.71 0.8685 0.0494

Deblurring 3DGS [8] 17.42 0.5075 0.3187
BAGS [9] 26.35 0.8490 0.0528
CoMoGaussian 27.56 0.8669 0.0457

Experiments on Sharp Images. To evaluate the generalization capability of Co-

MoGaussian, we conduct experiments on the NeRF-LLFF [4,5] dataset, a forward-

facing scenes consisting of sharp images, with the results presented in Tab. 5.5.

CoMoGaussian performs comparably to Mip-Splatting [2], demonstrating that our

method is not limited to motion-blurred images. Additionally, we evaluate the per-

formance of other methods, Deblurring 3DGS [8] and BAGS [9]. They struggle to

optimize certain scenes and fall short of CoMoGaussian in quantitative performance.

This highlights the superior generalization ability of our approach compared to ex-

isting methods.

Ablation on ODE solvers. We further analyze the e"ect of di"erent ODE solvers

for modeling the continuous camera trajectory during exposure. As shown in Tab. 5.6,

we compare fixed-step solvers, including Euler, second-order Runge–Kutta, and fourth-

order Runge–Kutta, with adaptive-step solvers, including fifth-order and eighth-order

Dopri–Prince methods. Overall, fixed-step solvers achieve competitive performance

while maintaining the same training time. Among them, the second-order Runge–
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Table 5.6: Ablation study on ODE solvers for continuous camera trajectory modeling
(Deblur-NeRF ball scene).

Solver (Method) PSNR↘ SSIM↘ LPIPS≃ Training Time

Fixed Step
Euler 29.51 0.8446 0.1182 2h 23m
2nd Runge–Kutta 29.63 0.8460 0.1176 2h 23m
4th Runge–Kutta 29.60 0.8422 0.1115 2h 23m

Adaptive Step
5th Dopri–Prince 29.49 0.8458 0.1156 3h 40m
8th Dopri–Prince 29.55 0.8435 0.1159 8h 10m

Kutta solver obtains slightly higher PSNR and SSIM, whereas the fourth-order

Runge–Kutta solver achieves the best LPIPS score. Since LPIPS better reflects per-

ceptual reconstruction quality, we adopt the fixed-step fourth-order Runge–Kutta

solver as our default ODE solver. In contrast, adaptive-step solvers do not provide

consistent performance gains despite requiring substantially longer training time.

This suggests that the camera trajectory within a short exposure interval can be

su!ciently approximated by a fixed-step solver, while the additional computational

overhead of adaptive solvers is not beneficial in our setting.

5.4.3 Camera Trajectory Visualization

We visualize the continuous camera trajectories for the Heron (left) and Stair

(right) scenes from the Deblur-NeRF real-world dataset, as shown in Fig. 5.4. The

camera trajectory for a single motion-blurred image is represented by colored cones,

with the cone’s color gradually transitioning from red to light purple as time pro-

gresses from t0 to tN . The visualized trajectories confirm that the camera paths gen-

erated by CoMoGaussian are smoothly continuous, validating that the continuous
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Figure 5.4: Camera Trajectory Visualization. Red cones stand for camera poses, and
the images below are the output blurry images.

transformations described in Secs. 5.3.2 and 5.3.3 function as intended. Additionally,

the output blurry images in Fig. 5.4 align with the visualized camera poses, accu-

rately reflecting both the positions and directions of the camera. Specifically, even

though the camera path in the Heron scene on the left is nonlinear, CoMoGaussian

accurately predicts this path and generates a precise blurry image.
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Visualization for Other Estimators. To qualitatively evaluate Tab. 5.4, we

visualize the camera poses generated by the MLP-based and GRU-based estimators

in Fig. 5.5. Since the MLP estimator does not account for the sequential nature of

camera motion, it inherently lacks continuity, resulting in a trajectory that appears

discontinuous and inconsistent. While the GRU estimator produces trajectories that

seem more continuous, it separately implements GRU cells for forward and backward

propagation, causing discontinuities between camera poses along the trajectory. In

contrast, our neural ODE-based estimator ensures a fully continuous camera mo-

tion over time, achieving both visually smooth trajectories and superior quantitative

performance compared to the MLP and GRU estimators.

MLP Neural ODE

GRU Neural ODE

Figure 5.5: Comparison between the Neural ODE-based estimator and other estima-
tors. Only the Neural ODE-based estimator exhibits a continuous camera trajectory.
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Visualization for Sharp Images. We visualize the camera poses to exam-

ine how CoMoGaussian’s camera trajectory modeling operates on the NeRF-LLFF

dataset [4,5], which consists of sharp images. As shown in Fig. 5.6, the camera motion

trajectory for sharp images remains nearly stationary, demonstrating the generaliza-

tion capability of our proposed method.

Figure 5.6: Visualization of camera motion trajectories for sharp images.

Additional Visualization We visualize the camera motion trajectories for input

blurry images predicted by CoMoGaussian in Fig. 5.7 and Fig. 5.8. Fig. 5.7 illustrates

camera motions for images with significant blur, where the predicted trajectories are

continuous over time and align precisely with the input images. Fig. 5.8 depicts

camera motions for images with relatively less blur, where the predicted trajectories

show minimal movement, yet still match the input images accurately. These results

demonstrate that our blurring kernel e"ectively models precise continuous camera

motion.
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Table 5.7: Experimental results based on the number of poses N .

# Cam.
Rigid Only (Sec. 5.3.2) Rigid (Sec. 5.3.2) + CMR (Sec. 5.3.3)

PSNR↘ SSIM↘ LPIPS≃ PSNR↘ SSIM↘ LPIPS(≃)

5 26.60 0.8101 0.1217 26.90 0.8245 0.1073
6 26.94 0.8187 0.1101 27.40 0.8345 0.0996
7 27.08 0.8218 0.1059 27.52 0.8377 0.0925
8 27.08 0.8241 0.1025 27.67 0.8399 0.0865
9 27.19 0.8249 0.1005 27.85 0.8435 0.0822
10 27.29 0.8267 0.0972 27.89 0.8442 0.0814
11 27.36 0.8295 0.0933 27.79 0.8423 0.0833
12 27.43 0.8312 0.0906 27.86 0.8399 0.0826
13 27.57 0.8341 0.0879 27.81 0.8406 0.0813

5.4.4 Number of Poses on Camera Motion.

We conduct an ablation study on the number of camera poses used to model

continuous camera motion, with the results presented in Tab. 5.7. We perform two

separate experiments: one using only the rigid body transformation described in

Sec. 5.3.2, and the other incorporating both the rigid body transformation and the

CMR transformation discussed in Sec. 5.3.3. The trends in the three evaluation

metrics with respect to di"erent values of N in Tab. 5.7 are visualized in Fig. 5.9.

When using only the rigid body transformation, performance improves almost

linearly as N increases across all metrics. Since a motion-blurred image is fundamen-

tally the result of integrating sharp images over time, increasing N allows for a finer

discretization of the continuous camera trajectory, leading to better performance.

However, numerical integration is inherently discrete, even when the camera motion

itself is continuous, which explains why a larger N results in improved accuracy.
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Nevertheless, increasing N also leads to a significant rise in computational com-

plexity during training, as each motion-blurred image requires rendering N sharp

images. This creates a trade-o": smaller values of N su"er from discretization arti-

facts, while larger values of N lead to increased computational costs due to multiple

renderings. To address this, we introduce the CMR transformation, which adds a

small degree of flexibility to the transformation matrix, e"ectively compensating for

the limitations of discretized integration at smaller N .

As shown in Tab. 5.7 and Fig. 5.9, when CMR is applied alongside the rigid body

transformation, performance saturates at N = 9 across all metrics, even surpassing

the performance of the rigid body transformation alone at N = 13. This demonstrates

that the CMR transformation mitigates the limitations of rigid body transformations

at lower N and justifies its inclusion in our framework.

5.4.5 Orthogonal Regularization.

We conduct a qualitative ablation study on the regularization loss for the orthog-

onality condition introduced in Sec. 5.3.3 of the main paper. Although the impact of

this loss may appear minor in Tab. 5.3 of the main paper, a qualitative comparison

reveals a noticeable di"erence.

As shown in Fig. 5.10, including this regularization results in significantly im-

proved visual quality compared to when it is omitted. Without regularization, the

3 ↔ 3 linear transformation matrix is learned without constraints on shearing and

scaling, which leads to unintended distortions. When such unconstrained a!ne trans-
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w/o Orthogonal Regularization w/ Orthogonal Regularization

PSNR = 29.54 PSNR = 29.60

Figure 5.10: Qualitative comparison of results with and without orthogonal regular-
ization. Despite similar PSNR values, the results with regularization capture more
fine details.

formations are included, the overall scene structure may still be well captured, but

finer details tend to be lost.

By enforcing the orthogonality condition, we restrict the transformation matrix

to allow only minimal deviations, preventing excessive distortions. As demonstrated

in Fig. 5.10, while the quantitative performance remains similar, the model captures

finer details more e"ectively, highlighting the importance of this regularization.

5.4.6 Training and Rendering Speed

In this section, we compare the training time and rendering speed of our method

with recent 3DGS-based approaches. As shown in Tab. 5.8, CoMoGaussian requires
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Table 5.8: Comparison of training and rendering speeds across various 3DGS-based
methods. * indicates that the speed is identical to that of the corresponding model.

Methods Training Time (hours) Rendering Speed

BAD-Gaussians [25] 0.37 *3DGS [7]
Deblurring 3DGS [8] 0.20 *3DGS [7]
BAGS [9] 0.83 *Mip-Splatting [2]

CoMoGaussian 1.33 *Mip-Splatting [2]

a longer training time compared to other methods. However, given the quantitative

results in Tabs. 5.9 to 5.11, as well as the qualitative comparisons in our supple-

mentary videos, our contributions remain significant. We believe that addressing the

limitations discussed in the main paper will enable faster training in the future.

Additionally, since sharp rendering is performed solely using 3DGS [7] or Mip-

Splatting [2] without additional modules, our method achieves fast rendering speeds

comparable to those of other approaches.

5.4.7 Per-Scene Quantitative Results

We show the per-scene quantitative performance on Deblur-NeRF real-world,

synthetic, and ExbluRF real-world dataset in Tab. 5.9, Tab. 5.10, and Tab. 5.11.

CoMoGaussian demonstrates superior quantitative performance on most scenes in

the real-world dataset.
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5.4.8 Additional Qualitative Results

We provide additional visualization results in Fig. 5.11, which demonstrate that

our CoMoGaussian outperforms not only in quantitative metrics but also in quali-

tative performance.
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Reference BAD-Gaussians Deblurring-3DGS BAGS CoMoGaussian Ground Truth

Figure 5.11: Additional Qualitative Comparison on the Synthetic and Real-World
Scenes.
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Chapter 6

Conclusion

In this thesis, we addressed the problem of learning 3D Gaussian Splatting

(3DGS) from degraded images, which is critical for enabling robust neural rendering

in real-world scenarios. While existing neural rendering methods typically assume

sharp input images, this assumption rarely holds in practice due to various image

degradations introduced during the image acquisition process.

To overcome this limitation, we focused on two major types of degradation: defo-

cus blur and motion blur. For defocus blur, we proposed a physically grounded frame-

work that explicitly models the Circle of Confusion (CoC) within the 3D Gaussian

representation. By leveraging depth-dependent blur modeling and learnable camera

parameters, the proposed method enables accurate 3D scene reconstruction using

only defocused images while also supporting controllable depth-of-field rendering.

For motion blur, we introduced a motion-aware Gaussian splatting framework that

models the continuous camera trajectory during the exposure time. By incorporating
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neural ordinary di"erential equations (ODEs) to represent time-continuous camera

motion and introducing a continuous motion refinement mechanism, the proposed ap-

proach accurately captures motion blur formation and reconstructs sharp 3D scenes

from motion-blurred inputs.

Through extensive experiments on both synthetic and real-world datasets, we

demonstrated that explicitly modeling the physical image formation processes signif-

icantly improves reconstruction accuracy and rendering quality. The proposed meth-

ods achieve state-of-the-art performance in neural rendering from degraded images

while maintaining the e!ciency advantages of 3D Gaussian Splatting.

This thesis highlights the importance of integrating physically grounded modeling

with e!cient explicit scene representations. By bridging the gap between idealized

assumptions and real-world imaging conditions, our work advances neural rendering

toward more practical and robust applications.

Despite these advancements, several challenges remain. First, real-world images

often contain multiple degradations simultaneously, such as defocus blur, motion

blur, which are not jointly addressed in this work. Second, extending the proposed

frameworks to dynamic scenes and non-rigid motion remains an open problem.

Future research directions include developing unified frameworks that handle

multiple degradations simultaneously, extending the methods to dynamic and large-

scale scenes, and integrating more comprehensive camera models. We believe that

these directions will further enhance the applicability of neural rendering systems in

real-world environments.
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괡묡 옡씡

씢혡됡 옢쀡육렡봡턡윢 3D Gaussian Splatting 픡숡

씣섡댡픡괢 댡픡옣

젡긡젡윣갡픡갢

윤 젢 혢

촡괡 3D Gaussian Splatting육 숡숢갡 눡뜡 렡댡뤡윢 윣픡 혡윤젡윥 윦먡 퐡혢

밡숣윧렢 젢먢밢갢 율윧먣, 긡젣윩 씡숢젡 밡밣씢 븡픢 픣숤 밤 렡댡뤡 섡댢뤢 퀡갣 픤

쀡숢퀢먡섢댢 갢퐢줡윩 쀢렢옡 숢젤 옢쀡쀣섣윢 갤눢픥갣 픡눣. 괢뜢뀡 댣봡봢윩 긡젣

씣괣눤 윪렣 옢쀡윫 설먤픥눣눤 갤젥윢 긡밥윧렢 픥갢 율윧먣, 윫눤 숡젦 혣갥씢섢눤

혢숡젡윫줢 씤눣. 숡젦 옢쀡 혤됡 갦젥씢섢눤 젦픡됢 숥댢씢 윩픢 밦쀣픥눤 딡팡측숦

븢뜢옣넡촢숢갡댤씥츢먥뜣윩오줣윬윧렢윥픡먦섥븢뜢됣눣씦픡씧혥갤븣밧픥갣

밦쀣픡눣.윫뜢픡씧혥눤젥혦픡 3찡옥밨옥윢씨려갣뤣됤먣,눡뜡렡댡뤡긡밣윩숡젦

젡옦 갤눢섣윢 젦픡픥눤 젢옧 옧윥윧렢 윭옦픡눣.

방 넢묡씢섢눤 씧혥됢 옢쀡윧렢봡턡 3D Gaussian Splatting윢 픣숤픥눤 묡젦뤢 눣

력먣,븢뜢갤젣윮픥눤괤츣윧렢봡턡댢젥혦픡 3찡옥밨옥윢갤눢픥갣픥눤묢뤤긡밥윩

픦렦윬온퀡뤢 젦씥픡눣. 먧젧, 괥픣젡 옥뤤씢 긡밥픥씩 찢뜤옥윢 먦댥뤡픥눤 딡팡측숦

윥줢 Gaussian Splatting 긡밣윢 젦씥픡눣. 윫뤢 턢픢 딡팡측숦 옢쀡뤣윢 윫옦픥씩댢

젥밪픡 3찡옥윦먡윢밨옥픧숧율윧먣,픣숤됢젨뤤갧밤촣젤먡젥밫뤢혧옦픥씩숥댢

젨젩윫 갤눢픡 렡댡뤡윢 숧픨픧 숧 율눣. 눣윯윧렢, 넡촢 숢갡 댤씥윩 츢먥뜣 오줣윬윧
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렢 윥픢 밦쀣픥눤 먦섥 븢뜢뤢 픢갨픥긡 윣픢, 숨갥뤥 묣봢밡젥숣윢 혧옦픥씩 씣섡젡윥

츢먥뜣 괦젡윢 먦댥뤡픥눤 밡밣윢 젦씥픡눣. 똡픡 씣섡젡윥 갩찣 옡댤갦 먦섥 밫젥 밬

혣윢갨픩픥씩먦섥븢뜢혨섣갦젥윢밫눣젥혦픥갣밥옢픥갢,먦섥븢뜢옢쀡윧렢봡턡

설먤픡 3찡옥 윦먡윢 밨옥픧 숧 율댢렧 픡눣.

젦씥픥눤 됥 젪괡밣육 숡젦 옢쀡 혤됡 갦젥씢섢 밦쀣픥눤 묢뤤젡 씧혥 갦젥윢 먤숢

젡윧렢먦댥뤡픥눤갪윫븡윫쀡젡윥혣갥씢섢윩갩갫픡눡뜡렡댡뤡윢윣픢픪숧젡윬윢

밫씩줤눣. 눣씦픡 밭츤뤦퀡 댦윫턡섦씢 댣픡 숡픫윢 턢픢, 젦씥됢 밡밣윫 씧혥됢 옢쀡

윧렢봡턡 갢퐢줣윩 쀢렢옡 숢젤 옢쀡윢 쀣섣픥갢 젥혦픡 3찡옥 윦먡윢 밨옥픥눤 댦

율씨 긡젣 밡밣 댣븡 옩숧픡 섣눢윢 눥섣픬윢 혦윥픥옪눣. 방 씣괣눤 묢뤤 긡밥 옢쀡

혨섣 먦댥갦 혡윤젡윥 먤숢젡 윦먡 퐡혢윢 턢픩픬윧렢쌡, 숡젦 혣갥씢섢댢 씥젥젡윧렢

댤윭픥눤 3찡옥 밨옥 숢숦턣윧렢윩 혦윦윢 갤눢픥갣 픡눣.

픡숡됡눡 뤡: 3찡옡 눢뜡 렡댡뤢; Gaussian Splatting; 육묡줡 씡혡.
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