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I. Introduction

Vision is a fundamental human sense, critical for 

perceiving and interacting with the 3D world, and 

underpins applications such as the metaverse, AR/VR, 

and robotics. The growing demand for accurate 3D 

perception has driven progress in learning-based 3D 

representations, with Neural Radiance Fields (NeRF) [1] 

and 3D Gaussian Splatting (3DGS) [2] achieving strong 

results in photorealistic reconstruction and novel view 

synthesis. These methods jointly model appearance 

and geometry using multi-view images and camera 
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Neural Radiance Fields (NeRF) and 3D Gaussian Splatting (3DGS) have achieved notable success in 

photorealistic 3D reconstruction and novel view synthesis but rely heavily on high-quality multi-view 

images, which limits their robustness under real-world degradations such as noise, blur, low-resolution 

(LR), and weather artifacts. To address this, 3D Low-Level Vision (3D LLV) extends classical 2D restoration 

tasks such as deblurring and weather degradation removal into the 3D domain. This survey formalizes 

the problem of degradation-aware rendering and outlines key challenges related to spatio-temporal 

consistency and ill-posed optimization. It categorizes recent approaches that integrate LLV into neural 

rendering frameworks and examines their applicability to domains including autonomous driving, AR/VR, 

and robotics. By reviewing representative methods, datasets, and evaluation protocols, this work identifies 

3D LLV as a fundamental direction for robust 3D scene reconstruction under real-world conditions.
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poses, enabling faithful rendering from unseen 

viewpoints. However, most approaches assume access 

to clean, high-resolution (HR) multi-view inputs [3]-[6], 

which is rarely the case in real-world environments 

where degradations such as noise, blur, low-resolution 

(LR), and weather artifacts are common [7], [8].

To address this, 3D Low-Level Vision (3D LLV) has 

emerged by extending classical tasks like deblurring 

and weather removal into the 3D domain [9]. In 2D 

LLV, degradations are modeled as y = Hx + n, where y 

is the observed degraded image, x is the clean (latent) 

image, H is the degradation operator (e.g., blur, 

downsampling), and n is the additive noise.

In contrast, 3D LLV aims to recover a scene 

representation s from degraded N multi-view images 
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*𝑦𝑦𝑖𝑖+𝑖𝑖=1𝑁𝑁  and corresponding camera parameters *𝑐𝑐𝑖𝑖+𝑖𝑖=1𝑁𝑁 . This is formalized by a degradation-aware 

rendering function 𝑅𝑅𝐷𝐷 which maps the 3D scene representation s and the camera pose 𝑐𝑐𝑖𝑖 to a 

degraded image estimate 𝑦𝑦𝑖̂𝑖: 
𝑦𝑦𝑖̂𝑖 = 𝑅𝑅𝐷𝐷(𝑠𝑠, 𝑐𝑐𝑖𝑖). (1) 

As shown in Fig. 1(a), the training phase supervises the rendered image 𝑦𝑦𝑖̂𝑖 by comparing it with 

the degraded observation 𝑦𝑦𝑖𝑖 . During inference, a clean rendering function 𝑅𝑅𝑐𝑐, which takes the  

 and corresponding camera parameters 
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composition function 𝐶𝐶𝐶𝐶: 

𝑅𝑅𝑅𝑅𝐷𝐷𝐷𝐷𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐(𝑠𝑠𝑠𝑠, 𝑐𝑐𝑐𝑐𝑖𝑖𝑖𝑖) = 𝐶𝐶𝐶𝐶(𝑅𝑅𝑅𝑅𝑐𝑐𝑐𝑐(𝑠𝑠𝑠𝑠, 𝑐𝑐𝑐𝑐𝑖𝑖𝑖𝑖), 𝑅𝑅𝑅𝑅𝐷𝐷𝐷𝐷(𝑠𝑠𝑠𝑠, 𝑐𝑐𝑐𝑐𝑖𝑖𝑖𝑖)).  (3) 

This formulation enables flexible modeling of complex corruption by disentangling content and 

degradation. Moreover, since only degraded observations are available, the model must maintain 

geometric and temporal consistency across views, making the problem more ill-posed than in 2D. 

As a result, 3D LLV shifts from pixel-level restoration to degradation-aware rendering that integrates 

3D structure and degradation priors. This enables robust reconstruction under real-world 

degradations, unlike conventional neural rendering pipelines that rely on clean inputs. Such 

capability is essential in domains like autonomous driving [10], AR/VR [11], and robotics [12], where 

perception must remain reliable under noise, compression, or visibility issues. These scenarios 

require 3D LLV frameworks that ensure consistent and accurate scene reconstruction under adverse 

conditions. This survey formalizes the 3D LLV task and surveys recent approaches that integrate LLV 

techniques into neural rendering. Section 2 defines the problem and outlines key challenges in 3D 

LLV. Section 3 reviews deblurring and weather removal in the 3D domain. Section 4 introduces 

representative datasets and evaluation protocols. Section 5 concludes the survey. 

II. Problem Definition and Challenges 

NeRF [1] and 3D Gaussian Splatting (3DGS) [2] have achieved impressive results in 3D reconstruction 

using high-quality images. However, real-world images often suffer from degradations that 

significantly impair reconstruction accuracy and spatiotemporal consistency [13].  

Multi-view pose estimation methods such as SfM [14]–[16] and COLMAP [17], [18] are particularly 

vulnerable to such degradations. Blur, LR, or illumination changes hinder feature detection and 

matching, leading to inaccurate poses that degrade NeRF and 3DGS initialization [3].  

Understanding how different degradation types affect this process is crucial for enhancing model 

robustness. Fig. 2 summarizes three major degradations: motion blur, defocus blur, and weather-

<Figure 1> Degradation-aware rendering pipeline <Figure 1> Degradation-aware rendering pipeline
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Abstract 

Neural Radiance Fields (NeRF) and 3D Gaussian Splatting (3DGS) have achieved notable success in 

photorealistic 3D reconstruction and novel view synthesis but rely heavily on high-quality multi-

view images, which limits their robustness under real-world degradations such as noise, blur, low-

resolution (LR), and weather artifacts. To address this, 3D Low-Level Vision (3D LLV) extends 

classical 2D restoration tasks such as deblurring and weather degradation removal into the 3D 

domain. This survey formalizes the problem of degradation-aware rendering and outlines key 

challenges related to spatio-temporal consistency and ill-posed optimization. It categorizes recent 

approaches that integrate LLV into neural rendering frameworks and examines their applicability 

to domains including autonomous driving, AR/VR, and robotics. By reviewing representative 

methods, datasets, and evaluation protocols, this work identifies 3D LLV as a fundamental 

direction for robust 3D scene reconstruction under real-world conditions. 

I. Introduction 

Vision is a fundamental human sense, critical for perceiving and interacting with the 3D world, 

and underpins applications such as the metaverse, AR/VR, and robotics. The growing demand for 

accurate 3D perception has driven progress in learning-based 3D representations, with Neural 

Radiance Fields (NeRF) [1] and 3D Gaussian Splatting (3DGS) [2] achieving strong results in 

photorealistic reconstruction and novel view synthesis. These methods jointly model appearance 

and geometry using multi-view images and camera poses, enabling faithful rendering from 

unseen viewpoints. However, most approaches assume access to clean, high-resolution (HR) multi-

view inputs [3]–[6], which is rarely the case in real-world environments where degradations such 

as noise, blur, low-resolution (LR), and weather artifacts are common [7], [8]. 

To address this, 3D Low-Level Vision (3D LLV) has emerged by extending classical tasks like 

deblurring and weather removal into the 3D domain [9]. In 2D LLV, degradations are modeled as 𝑦𝑦 
= 𝐻𝐻   + 𝑛𝑛, where 𝑦𝑦 is the observed degraded image, 𝑥𝑥 is the clean (latent) image, 𝐻𝐻 is the 

degradation operator (e.g., blur, downsampling), and 𝑛𝑛 is the additive noise . 

In contrast, 3D LLV aims to recover a scene representation s from degraded N multi-view images 

*𝑦𝑦𝑖𝑖+𝑖𝑖=1𝑁𝑁  and corresponding camera parameters *𝑐𝑐𝑖𝑖+𝑖𝑖=1𝑁𝑁 . This is formalized by a degradation-aware 

rendering function 𝑅𝑅𝐷𝐷 which maps the 3D scene representation s and the camera pose 𝑐𝑐𝑖𝑖 to a 

degraded image estimate 𝑦𝑦𝑖̂𝑖: 
𝑦𝑦𝑖̂𝑖 = 𝑅𝑅𝐷𝐷(𝑠𝑠, 𝑐𝑐𝑖𝑖). (1) 

As shown in Fig. 1(a), the training phase supervises the rendered image 𝑦𝑦𝑖̂𝑖 by comparing it with 

the degraded observation 𝑦𝑦𝑖𝑖 . During inference, a clean rendering function 𝑅𝑅𝑐𝑐, which takes the  
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geometric and temporal consistency across views, 

making the problem more ill-posed than in 2D. As 

a result, 3D LLV shifts from pixel-level restoration 

to degradation-aware rendering that integrates 3D 

structure and degradation priors. This enables robust 

reconstruction under real-world degradations, unlike 

conventional neural rendering pipelines that rely on 

clean inputs. Such capability is essential in domains like 

autonomous driving [10], AR/VR [11], and robotics [12], 

where perception must remain reliable under noise, 

compression, or visibility issues. These scenarios require 

3D LLV frameworks that ensure consistent and accurate 

scene reconstruction under adverse conditions. This 

survey formalizes the 3D LLV task and surveys recent 

approaches that integrate LLV techniques into neural 

rendering. Section 2 defines the problem and outlines 

key challenges in 3D LLV. Section 3 reviews deblurring 

and weather removal in the 3D domain. Section 4 

introduces representative datasets and evaluation 

protocols. Section 5 concludes the survey. 

II. Problem Definition and 
Challenges

NeRF [1] and 3D Gaussian Splatting (3DGS) [2] have 

achieved impressive results in 3D reconstruction using 

high-quality images. However, real-world images often 

suffer from degradations that significantly impair recon-

struction accuracy and spatiotemporal consistency [13]. 

Multi-view pose estimation methods such as 

SfM [14]-[16] and COLMAP [17], [18] are particularly 

vulnerable to such degradations. Blur, LR, or 

illumination changes hinder feature detection and 

matching, leading to inaccurate poses that degrade 

NeRF and 3DGS initialization [3]. 

Understanding how different degradation types  

affect this process is crucial for enhancing model  

robustness. Fig. 2 summarizes three major degra-

dations: motion blur, defocus blur, and weather- 

induced artifacts. These factors disrupt feature align- 

ment, pose estimation, and multi-view consistency, 

degrading 3D reconstruction quality. To address this, 

recent 3D LLV approaches incorporate deblurring and 

weather degradation removal into neural rendering. 

Deblurring restores high-frequency structures lost 

to motion or defocus blur [19]-[21], both of which 

obscure geometry and alignment.

Weather degradation removal tackles visibility loss 

from haze, rain, or snow [22]-[24], where scattering 

and absorption reduce contrast and introduce 

lighting inconsistencies. Such degradations often co-

occur, posing severe challenges to neural rendering 

pipelines that assume clean observations. 
induced artifacts. These factors disrupt feature alignment, pose estimation, and multi-view 

consistency, degrading 3D reconstruction quality. To address this, recent 3D LLV approaches 

incorporate deblurring and weather degradation removal into neural rendering.  

 
<Figure 2> Degradation Factors in Real-World 3D Scene Capture 

Deblurring restores high-frequency structures lost to motion or defocus blur [19]–[21], both of which 

obscure geometry and alignment. 

Weather degradation removal tackles visibility loss from haze, rain, or snow [22]–[24], where 

scattering and absorption reduce contrast and introduce lighting inconsistencies. Such degradations 

often co-occur, posing severe challenges to neural rendering pipelines that assume clean 

observations.  

III. Low-Level Vision for Robust Rendering 

This section introduces representative 3D LLV methods for addressing various degradation 

conditions. The methods are presented in the order of deblurring and weather degradation removal. 

These methods are organized as shown in Fig. 3.  

 
<Figure 3> Taxonomy 

1. Deblurring in 3D LLV 

To mitigate blur-induced failures in 3D reconstruction, recent methods adopt diverse deblurring 

strategies depending on the blur type, including trajectory-based, event-based, defocus-based, and 

motion-defocus hybrid approaches, as illustrated in Fig. 4.  

1-1. Motion Deblurring 

To address this, event-based approaches leverage the high temporal resolution of event cameras. 

E-NeRF [25] learns by comparing brightness changes derived from events and 
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III. Low-Level Vision for Robust 
Rendering

This section introduces representative 3D LLV 

methods for addressing various degradation con-

ditions. The methods are presented in the order of 

deblurring and weather degradation removal. These 

methods are organized as shown in Fig. 3. 

1. Deblurring in 3D LLV

To mitigate blur-induced failures in 3D recon-

struction, recent methods adopt diverse deblurring 

strategies depending on the blur type, including 

trajectory-based, event-based, defocus-based, and 

motion-defocus hybrid approaches, as illustrated in 

Fig. 4. 

induced artifacts. These factors disrupt feature alignment, pose estimation, and multi-view 

consistency, degrading 3D reconstruction quality. To address this, recent 3D LLV approaches 

incorporate deblurring and weather degradation removal into neural rendering.  
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Deblurring restores high-frequency structures lost to motion or defocus blur [19]–[21], both of which 
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Weather degradation removal tackles visibility loss from haze, rain, or snow [22]–[24], where 

scattering and absorption reduce contrast and introduce lighting inconsistencies. Such degradations 

often co-occur, posing severe challenges to neural rendering pipelines that assume clean 

observations.  
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These methods are organized as shown in Fig. 3.  
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1. Deblurring in 3D LLV 

To mitigate blur-induced failures in 3D reconstruction, recent methods adopt diverse deblurring 

strategies depending on the blur type, including trajectory-based, event-based, defocus-based, and 

motion-defocus hybrid approaches, as illustrated in Fig. 4.  

1-1. Motion Deblurring 

To address this, event-based approaches leverage the high temporal resolution of event cameras. 

E-NeRF [25] learns by comparing brightness changes derived from events and 

 

 
<Figure 4> Deblurring Strategies in Neural Rendering 

predicted images. 𝐸𝐸𝐸𝐸2NeRF [3], EvaGaussians [26], EaDeblur-GS [27], and DiET-GS [28] utilize the 

Event-based Double Integral (EDI) model [29] to initialize camera poses under motion blur and 

recover latent sharp images. EDI formulates the blurred image 𝐵𝐵𝐵𝐵 as follows: 

𝐵𝐵𝐵𝐵 = 𝐼𝐼𝐼𝐼(𝑠𝑠𝑠𝑠) ⋅  1
𝜏𝜏𝜏𝜏 ∫ exp�𝑐𝑐𝑐𝑐 𝑐𝑐𝑐𝑐𝑐 (𝑡𝑡𝑡𝑡)� 𝑑𝑑𝑑𝑑𝑡𝑡𝑡𝑡𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠/2

𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠/2   (4) 

where I is the sharp image at center exposure time s, τ is the exposure duration, E(t) is the 

accumulated event stream, and c is the contrast threshold. A sharp image at arbitrary time t is given 

by: 

I(t)=I(s)⋅exp�𝑐𝑐𝑐𝑐 𝑐𝑐𝑐𝑐𝑐 (𝑡𝑡𝑡𝑡)�  (5) 

The reconstructed sharp image sequence is used to initialize camera poses and generate point 

clouds using COLMAP. Blurred images are then synthesized by averaging rendered sharp views 

along the estimated camera trajectory: 

𝐵𝐵𝐵𝐵 =  1
𝑛𝑛𝑛𝑛
∑ 𝐼𝐼𝐼𝐼(𝑡𝑡𝑡𝑡𝚤𝚤𝚤𝚤𝑛𝑛𝑛𝑛
𝚤𝚤𝚤𝚤𝚤𝚤 )�   (6) 

An additional event loss is introduced to enforce consistency between the predicted and actual 

brightness changes. DiET-GS [28] further enhances rendering quality through periodic consistency 

regularization and diffusion priors. 

Trajectory-based 3D deblurring methods model the continuous motion of the camera or object 

during exposure and synthesize motion blur by averaging sharp images rendered along the 

estimated path. This follows the same formulation as Eq. (6), where a blurred image is approximated 

by temporally averaging multiple sharp images at sampled time steps 𝑡𝑡𝑡𝑡𝑖𝑖𝑖𝑖 . BAD-NeRF [30], DyBluRF 

[5], Deblur4DGS [31], and BAD-Gaussians [32] define the camera trajectory by interpolating between 

two learnable poses in SE(3), jointly optimizing the scene representation and motion path. ExBluRF 

[13] extends the trajectory modeling approach by employing higher-order Bézier curves for 

smoother motion representation. CRiM-GS [33] and CoMoGaussian [34] introduce neural ODEs to 

<Figure 3> Taxonomy

<Figure 4> Deblurring Strategies in Neural Rendering
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1) Motion Deblurring

To address this, event-based approaches leverage 

the high temporal resolution of event cameras. 

E-NeRF [25] learns by comparing brightness changes 

derived from events and predicted images. E2NeRF 

[3], EvaGaussians [26], EaDeblur-GS [27], and DiET-

GS [28] utilize the Event-based Double Integral (EDI) 

model [29] to initialize camera poses under motion 

blur and recover latent sharp images. EDI formulates 

the blurred image     as follows:
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predicted images. 𝐸𝐸2NeRF [3], EvaGaussians [26], EaDeblur-GS [27], and DiET-GS [28] utilize the 

Event-based Double Integral (EDI) model [29] to initialize camera poses under motion blur and 
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where I is the sharp image at center exposure time s, τ is the exposure duration, E(t) is the 

accumulated event stream, and c is the contrast threshold. A sharp image at arbitrary time t is 

given by: 

I(t)=I(s)⋅exp(𝑐𝑐 ⋅ 𝐸𝐸(𝑡𝑡))  (5) 
The reconstructed sharp image sequence is used to initialize camera poses and generate point 

clouds using COLMAP. Blurred images are then synthesized by averaging rendered sharp views 

along the estimated camera trajectory: 

𝐵𝐵 =  1𝑛𝑛 ∑ 𝐼𝐼(𝑡𝑡𝑖𝑖𝑛𝑛
𝑖𝑖=1 )̂   (6) 

An additional event loss is introduced to enforce consistency between the predicted and actual 

brightness changes. DiET-GS [28] further enhances rendering quality through periodic consistency 

regularization and diffusion priors. 

Trajectory-based 3D deblurring methods model the continuous motion of the camera or object 

during exposure and synthesize motion blur by averaging sharp images rendered along the 

estimated path. This follows the same formulation as Eq. (6), where a blurred image is 

approximated by temporally averaging multiple sharp images at sampled time steps 𝑡𝑡𝑖𝑖 . BAD-NeRF 

[30], DyBluRF [5], Deblur4DGS [31], and BAD-Gaussians [32] define the camera trajectory by 

interpolating between two learnable poses in SE(3), jointly optimizing the scene representation 

and motion path. ExBluRF [13] extends the trajectory modeling approach by employing higher-

order Bézier curves for smoother motion representation. CRiM-GS [33] and CoMoGaussian [34] 

         (4)

where I is the sharp image at center exposure time 

s, τ is the exposure duration, E(t) is the accumulated 

event stream, and c is the contrast threshold. A sharp 

image at arbitrary time t is given by:
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predicted images. 𝐸𝐸2NeRF [3], EvaGaussians [26], EaDeblur-GS [27], and DiET-GS [28] utilize the 
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accumulated event stream, and c is the contrast threshold. A sharp image at arbitrary time t is 

given by: 
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The reconstructed sharp image sequence is used 

to initialize camera poses and generate point clouds 

using COLMAP. Blurred images are then synthesized 

by averaging rendered sharp views along the 

estimated camera trajectory:
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given by: 
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An additional event loss is introduced to enforce consistency between the predicted and actual 
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during exposure and synthesize motion blur by averaging sharp images rendered along the 

estimated path. This follows the same formulation as Eq. (6), where a blurred image is 

approximated by temporally averaging multiple sharp images at sampled time steps 𝑡𝑡𝑖𝑖 . BAD-NeRF 
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and motion path. ExBluRF [13] extends the trajectory modeling approach by employing higher-

order Bézier curves for smoother motion representation. CRiM-GS [33] and CoMoGaussian [34] 

                    
(6)

An additional event loss is introduced to enforce 

consistency between the predicted and actual 

brightness changes. DiET-GS [28] further enhances 

rendering quality through periodic consistency 

regularization and diffusion priors.

Trajectory-based 3D deblurring methods model the 

continuous motion of the camera or object during 

exposure and synthesize motion blur by averaging 

sharp images rendered along the estimated path. 

This follows the same formulation as Eq. (6), where 

a blurred image is approximated by temporally 

averaging multiple sharp images at sampled time 

steps ti. BAD-NeRF [30], DyBluRF [5], Deblur4DGS [31], 

and BAD-Gaussians [32] define the camera trajectory 

by interpolating between two learnable poses in 

SE(3), jointly optimizing the scene representation and 

motion path. ExBluRF [13] extends the trajectory 

modeling approach by employing higher-order 

Bézier curves for smoother motion representation. 

CRiM-GS [33] and CoMoGaussian [34] introduce 

neural ODEs to represent temporally continuous 

motion with greater flexibility.

Meanwhile, video-based methods such as MoBluRF 

[19], DyBluRF [5], BARD-GS [6], and MoBGS [9] 

utilize masks to separate dynamic and static regions, 

optimizing each independently.

2) Defocus Deblurring

Neural rendering typically assumes that all scene 

points are in focus, relying on sharp and depth-

consistent views for accurate reconstruction [20]. 

However, real-world imaging with shallow depth-of-

field (DOF) and large apertures often induces defocus 

blur, where out-of-focus points form finite-sized blur 

circles, known as Circles of Confusion (CoC) [20, 21]. 

The CoC radius, derived from the thin-lens model, 

increases as object distance deviates from the focal 

distance, resulting in spatially varying blurs that 

severely degrades geometric consistency near depth 

discontinuities [20]. To address this, recent works 

incorporate physically grounded defocus modeling 

into neural rendering by estimating CoC from depth 
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regularization and diffusion priors. 

Trajectory-based 3D deblurring methods model the continuous motion of the camera or object 

during exposure and synthesize motion blur by averaging sharp images rendered along the 

estimated path. This follows the same formulation as Eq. (6), where a blurred image is 

approximated by temporally averaging multiple sharp images at sampled time steps 𝑡𝑡𝑖𝑖 . BAD-NeRF 

[30], DyBluRF [5], Deblur4DGS [31], and BAD-Gaussians [32] define the camera trajectory by 

interpolating between two learnable poses in SE(3), jointly optimizing the scene representation 

and motion path. ExBluRF [13] extends the trajectory modeling approach by employing higher-

order Bézier curves for smoother motion representation. CRiM-GS [33] and CoMoGaussian [34] 
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and camera parameters, simulating depth-aware blur 

during training, and optionally include optimization 

of focus and aperture settings [20, 21]. DOF-GS [20] 

introduces learnable per-view focal distance and 

aperture factors, applying CoC-based blur kernels 

to 2D-projected Gaussians and supervising sharp 

region localization using an all-in-focus image. 

CoCoGaussian [21] renders multiple CoC Gaussians 

in a circular pattern around each base Gaussian 

and blends them through weighted summation to 

synthesize defocused images.

3) Joint Motion and Defocus Deblurring

In real-world scenarios, motion blur and defocus 

blur frequently co-occur due to fast camera 

movement and shallow depth of field (DOF), 

violating the assumptions of sharpness and view 

consistency in neural rendering pipelines and 

resulting in degraded reconstruction quality [36, 39]. 

To address this challenge, several approaches have 

incorporated joint modeling of motion and defocus 

blur within the rendering framework. Deblur-NeRF 

[35] simulates compound blur by aggregating rays 

sampled from nearby positions and jointly optimizes 

both ray offsets and the NeRF parameters. PDRF 

[36] follows a coarse-to-fine strategy by estimating 

blur fields and LR geometry, then refining with HR 

voxel representations. DP-NeRF [37] applies rigid-

body transformations in SE(3) to simulate spatially 

consistent motion blur while preserving view 

alignment. BAGS [38] predicts per-pixel degradation 

masks and blur kernels using a 2D prior network 

to guide the optimization of 3D GS. Deblurring 

3DGS [39] encodes blur by deforming Gaussian 

covariance matrices, allowing for anisotropic spread 

without explicit kernel modeling. DeepDeblurRF 

[40] integrates a pre-trained 2D deblurring network 

into radiance field optimization, using enhanced 2D 

outputs as supervisory signals.

2. �Weather Degradation Removal in 
3D LLV

NeRF and 3DGS are highly sensitive to input quali-

ty, and adverse weather such as rain, haze, or snow 

often disrupts multi-view consistency and degrades 

structural reconstruction [23, 30]. To address this, 

existing approaches can be categorized into physics-

weather effects from scene radiance [22, 23, 41, 42]. Koschmieder-based approaches, such as 

DehazeNeRF [41] and ScatterNeRF [23], model the observed radiance as a weighted combination 

of the scene radiance attenuated by atmospheric scattering and the airlight component dependent 

on scene depth. 

DehazeNeRF generalizes this using the Radiative Transfer Equation, decomposing accumulated 

radiance into surface and haze components with physically grounded priors such as the Dark 

Channel Prior (DCP) [51]. ScatterNeRF simplifies modeling by explicitly separating haze and scene 

volumes and rendering them via two MLPs, applying entropy-based regularization to enforce 

volumetric separation.  

ASM-based methods, including Dehazing-NeRF [22] and DehazeGS [42], estimate atmospheric 

parameters and integrate them into the rendering process. Dehazing-NeRF adopts a dual-branch 

network to jointly learn haze parameters and scene radiance, regularized by contrast and consistency 

losses. DehazeGS predicts transmittance from Gaussian depth using 1D convolutions. The final 

blending of latent Gaussians with global airlight is guided by pseudo-depth supervision and 

regularized using the DCP and the Bright Channel Prior (BCP) [53]. 

2-2. Detection-based Methods.  

These methods focus on localized degradations such as raindrops and snowflakes, which cause 

occlusion artifacts across views. DerainNeRF [24] uses a pretrained raindrop detector to generate 

binary masks that exclude occluded pixels from NeRF training. View-consistent occlusions are further 

refined using mean attention maps. WeatherGS [43] separates weather effects into particle-based 

and lens-based degradations. It detects each via specialized filters and applies the resulting masks 

in training, ensuring that corrupted regions do not interfere with scene learning. 

IV. Dataset and Metrics 

1. Dataset 

We organize datasets based on a wide range of publicly available datasets commonly used in 3D 

reconstruction, neural rendering, and novel view synthesis. 

NeRF-synthetic [1] contains eight synthetic Blender scenes with 100–300 images and full supervision. 

The scenes feature clean geometry, consistent lighting, and 360° or hemispherical viewpoints.  

BlendedMVS [44] provides 113 scenes that mix real backgrounds with rendered objects, with 150–

200 HR images per scene. Depth maps and camera poses reconstructed via COLMAP are included.  

<Figure 5> Weather Degradation Removal Strategies in Neural Rendering 
<Figure 5> Weather Degradation Removal Strategies in Neural Rendering
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based and detection-based methods, as illustrated in 

Fig. 5.

1) Physics-based Methods

These methods explicitly incorporate physical 

haze models into volumetric rendering to disentangle 

weather effects from scene radiance [22, 23, 41, 

42]. Koschmieder-based approaches, such as 

DehazeNeRF [41] and ScatterNeRF [23], model the 

observed radiance as a weighted combination of the 

scene radiance attenuated by atmospheric scattering 

and the airlight component dependent on scene 

depth.

DehazeNeRF generalizes this using the Radiative 

Transfer Equation, decomposing accumulated 

radiance into surface and haze components with 

physically grounded priors such as the Dark Channel 

Prior (DCP) [51]. ScatterNeRF simplifies modeling by 

explicitly separating haze and scene volumes and 

rendering them via two MLPs, applying entropy-

based regularization to enforce volumetric separation. 

ASM-based methods, including Dehazing-NeRF [22] 

and DehazeGS [42], estimate atmospheric parameters 

and integrate them into the rendering process. 

Dehazing-NeRF adopts a dual-branch network to 

jointly learn haze parameters and scene radiance, 

regularized by contrast and consistency losses. 

DehazeGS predicts transmittance from Gaussian 

depth using 1D convolutions. The final blending 

of latent Gaussians with global airlight is guided by 

pseudo-depth supervision and regularized using the 

DCP and the Bright Channel Prior (BCP) [53].

2) Detection-based Methods 

These methods focus on localized degradations 

such as raindrops and snowflakes, which cause 

occlusion artifacts across views. DerainNeRF [24] 

uses a pretrained raindrop detector to generate 

binary masks that exclude occluded pixels from 

NeRF training. View-consistent occlusions are further 

refined using mean attention maps. WeatherGS [43] 

separates weather effects into particle-based and lens-

based degradations. It detects each via specialized 

filters and applies the resulting masks in training, 

ensuring that corrupted regions do not interfere with 

scene learning.

IV. Dataset and Metrics

1. Dataset

We organize datasets based on a wide range of 

publicly available datasets commonly used in 3D 

reconstruction, neural rendering, and novel view 

synthesis.

NeRF-synthetic [1] contains eight synthetic Blender 

scenes with 100-300 images and full supervision. The 

scenes feature clean geometry, consistent lighting, 

and 360° or hemispherical viewpoints. 

BlendedMVS [44] provides 113 scenes that mix real 

backgrounds with rendered objects, with 150-200 HR 

images per scene. Depth maps and camera poses 

reconstructed via COLMAP are included. 

NSVF Synthetic [45] includes eight synthetic scenes 

with complex geometry and lighting, each with 400 

images rendered with global illumination. Ground-

truth depth and pose annotations are provided. 

Deblur-NeRF [35] introduces 31 dynamic Blender-

rendered scenes with 27 to 53 blurred multi-view 

images. Motion blur is simulated via pose interpola-
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tion and defocus via depth-of-field rendering. 

Mip-NeRF 360 [46] captures nine indoor and  

outdoor real scenes with hundreds of images 

taken along 360° camera trajectories. The dataset 

emphasizes unbounded scene modeling and 

background consistency. 

2. Metrics

We summarize representative metrics used to 

assess the visual quality and temporal consistency of 

3D LLV outputs.

Full-reference metrics, including PSNR [47], SSIM 

[48], and LPIPS [49], are widely used when ground-

truth images are available. PSNR measures pixel- 

wise fidelity, SSIM captures structural similarity in 

luminance and texture, and LPIPS quantifies percep-

tual distance using deep features from pretrained 

networks. Temporal consistency is evaluated using 

temporal Optical Flow (tOF) [50], which measures 

flow discrepancies between consecutive frames to 

assess motion coherence in dynamic scenes. 

Together, these metrics provide a comprehensive 

framework for evaluating spatial fidelity, perceptual 

realism, and temporal stability in 3D LLV.

V. Conclusion

This survey formalizes the emerging field of  

3D LLV, which incorporates super-resolution, de- 

blurring, and weather degradation removal into 

neural rendering. These capabilities enable robust 

3D reconstruction under real-world conditions. We 

categorized recent methods, summarized key datasets 

and metrics, and highlighted challenges related 

to spatiotemporal consistency and degradation 

modeling. 3D LLV offers a promising direction for 

enhancing the reliability of neural rendering in 

practical applications such as autonomous driving, 

AR/VR, and robotics.
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