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Abstract

Reconstructing 3D scenes under real-world low-light con-
ditions remains highly challenging due to severe sensor
noise, low signal-to-noise ratios, and color degradation,
which corrupt photometric supervision and destabilize ge-
ometry estimation. Existing approaches suffer from two
key limitations: unreliable initialization, as traditional
Structure-from-Motion (SfM) fails under degraded inputs,
and inconsistent geometry arising from per-view 2D en-
hancement methods that ignore cross-view coherence. Con-
sequently, current methods either rely on well-lit reference
data for initialization, which is impractical in real-world
low-light scenarios, or produce unstable multi view geome-
try in extreme conditions. To address these challenges, we
propose NOVA-GS, a unified noise-aware framework for
low-light 3D Gaussian Splatting that subsumes enhance-
ment, denoising, and geometry optimization within a sin-
gle process. We first leverage VGGT-based feed-forward
estimation to obtain robust camera poses and geometry di-
rectly from degraded inputs, which obviates the need for
SfM. Building on this initialization, our framework consists
of three coupled modules: a structure-aware enhancement
module for exposure correction, a self-supervised denoising
module with targeted blind-spot masking to generate clean
pseudo-supervision, and a consistency-driven 3D Gaussian
Splatting optimization that enforces cross-view geometric
constraints. We further introduce a noise-guided spherical
harmonic regularization to suppress view-dependent arti-
facts in noisy regions. By jointly modeling initialization and
optimization, our method mitigates both initialization fail-
ure and cross-view inconsistencies, preventing noise prop-
agation into geometry and appearance. Extensive experi-
ments across diverse real-world low-light datasets demon-
strate improved geometric fidelity, color consistency, and
robustness without requiring paired supervision or well-lit
references.

Keywords: Low-light 3D Reconstruction, 3D Gaussian
Splatting, Novel View Synthesis, Noise-Aware Model-

ing, Self-Supervised Denoising, Multi-View Consistency,
Spherical Harmonic Loss

1. Introduction

Reliable 3D reconstruction and novel view synthesis are in-
dispensable for autonomous systems in environments where
controlled illumination cannot be guaranteed, including
nighttime autonomous driving, low-light robotic percep-
tion, nocturnal infrastructure monitoring, underground min-
ing, and search-and-rescue operations. While variants of
Neural Radiance Fields (NeRF) [1, 2, 18, 20, 26] and 3D
Gaussian Splatting (3DGS) [10, 11, 15] have emerged as
dominant paradigms, both struggle in these settings. They
fundamentally assume well-lit inputs where pixel intensi-
ties provide reliable cues of scene radiance and geometry,
an assumption that breaks down in challenging real-world
low-light conditions.

Several methods attempt to address adverse illumina-
tion within NeRF and Gaussian splatting based frameworks.
NeRF-based approaches introduce radiometric modeling or
illumination decomposition [4, 14, 19, 22, 27], but remain
computationally intensive and unsuitable for real-time ren-
dering. Recent low-light Gaussian Splatting variants im-
prove robustness through illumination priors or decompo-
sition strategies [5, 9, 25, 28, 35, 36]. However, many ap-
proaches assume reliable Structure-from-Motion (SfM) ini-
tialization [24], typically obtained from well-lit images. In
low-light conditions, SfM from degraded inputs becomes
unreliable, with methods such as COLMAP often failing or
leading to poor initialization and unstable optimization.

A common alternative is to enhance images prior to re-
construction; however, per-view enhancement methods [3,
6, 7, 16, 17, 33] ignore cross-view consistency and in-
troduce photometric inconsistencies that lead to geomet-
ric artifacts. Conversely, reconstruction methods operat-
ing directly on degraded inputs often fail to disentangle
noise from true structure, especially under severe noise [5].
These limitations motivate a unified optimization frame-
work that simultaneously addresses enhancement, denois-

CVPR
#18

038
039

040

041
042
043
044
045
046
047
048
049
050
051
052
053
054
055
056
057
058
059
060
061
062
063
064
065
066
067
068
069
070
071
072
073
074
075



CVPR
#18

076

077
078
079
080
081
082
083
084
085
086
087
088
089
090
091
092

093
094
095
096
097
098
099
100
101
102
103
104
105
106
107
108

109

110

111
112
113
114
115
116
117
118
119
120

121
122
123
124

CVPR 2026 Submission #18. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

ing, and geometry.

To this end, we propose NOVA-GS, a unified, unsu-
pervised low-light 3D Gaussian Splatting framework that
subsumes image refinement, noise-aware denoising, and
3D Gaussian Splatting into a single optimization process.
By enforcing cross-view consistency and suppressing noise
propagation during rendering, our method reduces artifacts
and improves structural coherence, enabling robust novel
view synthesis directly from extreme low-light inputs with-
out requiring paired supervision or preprocessing. Built on
the efficient 3DGS paradigm [11], it achieves real-time ren-
dering, faster training than NeRF-based and most of the
Gaussian Splatting methods, and strong performance across
diverse indoor and outdoor datasets under moderate to ex-
treme low-light conditions (refer figure in Section A of sup-
plementary material). Our main contributions are summa-
rized as follows:

* Robust Initialization without SfM. Given the failure of
traditional SfM pipelines in low-light and noisy condi-
tions, we leverage VGGT for geometry initialization to
achieve stable reconstruction.

* Noise-Aware Self-Supervised Denoising for 3D Recon-
struction. We introduce a novel targeted blind-spot de-
noising strategy that leverages spatial noise priors de-
rived from high-frequency components, coupled with a
Deep Attention-ResUNet architecture to generate clean
pseudo-supervision while preserving structural details
critical for 3D optimization.

* Noise-Guided Spherical Harmonic Regularization.
We introduce a novel regularization scheme that maps 2D
noise estimates to 3D Gaussians, selectively penalizing
higher-order spherical harmonic components in noisy re-
gions to prevent view-dependent artifacts.

2. Related Work

2.1. Low-Light Novel View Synthesis with NeRF

NeRF-based methods have been extended to low-light set-
tings through explicit illumination modeling. LLNeRF [27]
decomposes radiance into illumination-dependent and
view-independent components, but often produces unnat-
ural colors. Aleth-NeRF [4] models light attenuation via
a concealing field, assuming consistent attenuation across
scenes. I2-NeRF [14] incorporates physically grounded
media interactions within an unsupervised framework, but
leverages ground-truth illumination statistics, introducing
implicit supervision that limits generalization.

However, these methods rely on volumetric MLP-based
rendering [1, 2, 18, 20], resulting in slow training and non-
real-time inference, and depend on accurate SfM poses [24],
which are unreliable under low-light conditions.

2.2. Low-Light Gaussian Splatting Methods

Recent works extend 3D Gaussian Splatting to low-light
settings with explicit illumination modeling. LLGS [28]
introduces a decomposable color representation for joint
enhancement and reconstruction. LL-Gaussian [25] mod-
els intrinsic reflectance and illumination with a dedicated
initialization strategy, also uses diffusion-priors for super-
vision. Luminance-GS [5] captures luminance variations
via per-view color mapping and curve estimation, but does
not explicitly handle noise under extreme low-light. LITA-
GS [36] incorporates illumination-invariant priors with pro-
gressive denoising for reference-free optimization.

Despite these advances, many methods rely on stable ini-
tialization from well-lit inputs and lack robustness under ex-
treme low-light.

2.3. 2D Low-Light Enhancement Methods

Low-light image enhancement methods improve visibility
via learned illumination adjustment and non-linear tone
mapping [7, 16, 17, 33]. However, they operate indepen-
dently per view and lack multi-view photometric consis-
tency. When used for 3D reconstruction, these inconsisten-
cies accumulate and degrade geometric optimization, high-
lighting the need for multi-view geometric consistency con-
straints.

SfM Initialization in Low-Light Reconstruction. Accu-
rate camera pose and geometry initialization remains chal-
lenging in low-light conditions due to degraded feature
quality and unstable matching. Traditional SfM pipelines
such as COLMAP [24], GLOMAP [21], and hierarchi-
cal localization methods like hloc [23] rely on reliable
keypoint detection, which often fails under low illumi-
nation and noise. Recent learning-based approaches, in-
cluding DUSt3R [31], Mast3R [13], VGGT [30], and
VGGSM [29], adopt feed-forward inference to improve
robustness under such challenging conditions. For in-
stance, LLGaussian [25] employs DUSt3R for initializa-
tion; however, these methods typically require additional
post-processing to refine and prune the point cloud. In
practical low-light settings, where only degraded inputs are
available, initialization remains noisy and uncertain, often
propagating errors into downstream 3D optimization. To
address this, we leverage VGGT-based initialization for im-
proved robustness.

3. Preliminaries

3.1. 3D Gaussian Splatting as MCMC

3D Gaussian Splatting (3DGS). 3D Gaussian Splat-
ting (3DGS) represents a 3D scene using a collection of
anisotropic Gaussians parameterized by mean pu;, covari-
ance X;, opacity «;, and view-dependent color ¢;. Dur-

CVPR
#18

125

126
127
128
129
130
131
132
133
134
135
136
137
138
139

140

141
142
143
144
145
146
147
148

149
150
151
152
153
154
155
156
157
158
159
160
161
162
163
164
165
166
167

168

169

170
171
172
173



CVPR
#18

174
175
176

177

178

179
180
181
182

183
184

185
186
187
188
189
190
191

192

193
194
195

196

197

198
199
200
201
202
203
204
205
206
207
208
209
210
211
212

213

214
215
216
217

CVPR 2026 Submission #18. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

ing rendering, these Gaussians are projected onto the image
plane and composited using a-blending.
The blended color at pixel x is computed as:

N i—1
C(x) :Zcz' ai(X)H(l—%(X)% (1)

where «;(x) is evaluated from (p;, ;).

3DGS as Markov Chain Monte Carlo (MCMC). To
avoid heuristic densification, 3DGS-MCMC [11] reformu-
lates Gaussian optimization as an MCMC sampling process
using Stochastic Gradient Langevin Dynamics (SGLD).

3.2. VGGT: Visual Geometry Grounded Trans-
former

In extremely low-light images, traditional SfM methods
(e.g., COLMAP [24]) fail to extract reliable correspon-
dences. To address this, we leverage VGGT [30] for direct
geometry initialization.

Given N unposed low-light images {lgurk ; }1¥.;, VGGT
predicts camera parameters g;, depth maps D;, tracking fea-
tures T;, and dense 3D point maps P;:

{(9:» Di, P, )}, = Fygor ({Idark,i}ilil) . @

The predicted dense point maps and camera parameters
serve as robust initialization for 3D Gaussians, removing
the need for classical SfTM.

4. Methodology

4.1. Overview

As illustrated in Fig. 1, we propose an unsupervised, uni-
fied optimization framework for 3DGS under extreme low-
light conditions. Given N low-light images {Igui.i}Y
alongside initial point clouds and camera poses obtained
from VGGT [30], our pipeline processes the input views
in three concurrent stages. First, a structure aware enhance-
ment module brightens the input to a target exposure us-
ing a differentiable guided filter. Second, an unsupervised
blind-spot network filters each noisy enhanced image inde-
pendently, synthesizing a clean pseudo-ground-truth target
to supervise the 3DGS geometry. Finally, the 3D Gaus-
sians are optimized against this clean target, strictly con-
strained by cross-view geometric consistency and noise-
guided spherical harmonic losses to prevent multi-view ar-
tifacts.

4.2. Enhancement Module

Direct brightness enhancement of extreme low-light im-
ages amplifies high-frequency sensor noise, leading to over-
exposed artifacts and degraded geometric consistency. Ap-
plying gamma correction or intensity scaling directly to

pixel values increases both signal and noise, making expo-
sure correction unstable. To address this issue, we perform
per-view exposure correction on a structurally smoothed
representation of each input image, denoted as Ig,, rather
than directly modifying its raw pixel intensities.

We first compute a low-frequency image L from Igu
using a Differentiable Guided Filter [32]. The guided
filter performs edge-aware smoothing, suppressing high-
frequency noise while preserving structural boundaries.
This yields a smooth image L effectively which serves as
a brightness map that captures the global exposure distri-
bution of the scene. By removing local intensity fluctua-
tions caused by noise and texture, exposure correction can
be driven by structural brightness information rather than
raw pixel values. For more details, refer to Section B.1 in
supplementary material.

The brightness map is then enhanced using a gamma
transformation:

Lenn = L (3)

where + is optimized to push the mean brightness level to-
ward a target exposure value 7 = 0.5. The optimal 7 is
computed using a binary search that minimizes the differ-
ence between the mean brightness of L., and the target
exposure level. Enhancing the smoothed brightness map
ensures that exposure correction operates purely on the low-
frequency scene structure, preventing the uncontrolled am-
plification of high-frequency noise.

To propagate this exposure correction back to the origi-
nal image, we compute a spatial brightness ratio map:

o Lenh
- L+1n

“4)

where 7 is a small constant for numerical stability. This
ratio represents the multiplicative exposure adjustment re-
quired at each spatial location.

The final enhanced image is obtained as:

Iy = min(Jga © R, 1) &)

where ® denotes element-wise multiplication. This ratio-
based formulation allows exposure to be corrected multi-
plicatively using only the low-frequency brightness struc-
ture, preserving textures and geometric cues while avoiding
the direct modification of noisy pixel intensities (see Sec-
tion B.2 in the supplementary material). In contrast to di-
rect gamma enhancement, this approach produces spatially
consistent brightness adjustments.

4.3. Denoising Pipeline

Although the initial per-view enhancement stabilizes global
exposure, the resulting image I.,,;, inherently retains signif-
icant signal-dependent camera noise. Optimizing 3D Gaus-
sian Splatting directly on this noisy supervision causes the
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Figure 1. Overview of our proposed unified optimization framework (NOVA-GS). Given low-light inputs, our pipeline concurrently
performs preliminary denoising and enhances in enhancement module, self-supervised denoising using a targeted blind-spot network, and
consistency-aware 3D Gaussian Splatting optimization constrained by geometric, and noise-guided spherical harmonic losses.

geometry and spherical harmonic coefficients to overfit to
noise patterns, manifesting as geometric floaters and severe
multi-view inconsistencies. To prevent this degradation,
we introduce a self-supervised denoising pipeline that syn-
thesizes a clean pseudo-ground-truth target for each view
prior to 3DGS optimization. While built upon the theo-
retical foundation of Noise2Void (N2V) [12], our frame-
work introduces two critical extensions to handle the se-
vere, spatially varying noise typical in low-light conditions:
a Targeted Blind-Spot Masking strategy driven by high-
frequency spatial priors, and a Deep Attention-ResUNet
architecture designed to dynamically filter noise while pre-
serving delicate structural geometries.

4.3.1. Targeted Blind-Spot Masking.

Standard N2V employs uniform random masking, which
tends to over-smooth clean regions while insufficiently sam-
pling heavily degraded textures. To address this limitation,
we introduce a targeted blind-spot masking strategy that pri-
oritizes structurally complex and noisy regions during self-
supervised training. We extract a high-frequency spatial
prior by applying a Laplacian operator to the grayscale rep-

resentation of the enhanced image I;,.4,:
2
ILap =V Igray (6)

The magnitude of this response is normalized across spatial
dimensions to form a probability distribution:

Lap(u, v)|
Zuﬂ) |ILaP(u? ’U)|

Blind-spot indices are then sampled from a mixture of this
distribution and a uniform prior, producing a binary mask
M (p) over pixel coordinates p. This encourages the net-
work to focus denoising on high-frequency and noise-prone
regions while maintaining stability in smoother areas.

4.3.2. Deep Attention-ResUNet.

To recover fine details from these heavily masked regions,
we replace the baseline U-Net with a Deep Attention-
ResUNet (for architecture details refer to Section B.3
in the supplementary material). This architecture fea-
tures a four-level encoder-decoder equipped with Resid-
ual Blocks to prevent the loss of high-frequency bound-
aries during downsampling. Furthermore, we integrate

P(u,v) = @)
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Squeeze-and-Excitation (SE) attention modules [8] into the
residual blocks. These modules dynamically recalibrate
channel-wise feature responses, actively suppressing noise-
dominant channels while exciting those containing critical
geometric structures.

4.3.3. Self-Supervised Denoising Loss.

To train this network without paired clean data, we formu-
late a masked Mean Squared Error (MSE) loss evaluated
exclusively at the selected blind spots. Let M (p) = 1l if a
pixel p is a masked blind-spot, and 0 otherwise. The denois-
ing loss L2y computes the error between the network’s
prediction I clean and the original noisy input I.,p:

Ep M(p)”fclean(p) - Ienh(p)H%
>p M(p)

Because the network is explicitly blinded to the true center-
pixel value I.,.(p), it must infer the underlying struc-
ture from the surrounding spatial context. This mechanism
forces the model to learn the underlying structural signal
while ignoring conditionally pixel-wise independent noise.
This masked loss is the sole objective used to optimize the
denoiser.

®)

Loy =

4.4. Reconstruction Loss

To optimize the 3D Gaussian geometry and view-dependent
appearance without clean reference images, we supervise
the rendered image frende,« using the pseudo-clean target
Icle,m produced by the denoising module. We compute an
L reconstruction loss between I render and I clean The final
reconstruction loss combines L with a structural similarity
term:

£recon = ( )\)['1 + /\(1 - SSIM( render clean)) (9)

4.5. Consistency-Aware Optimization

Since per-view enhancement and denoising operate inde-
pendently, they inadvertently introduce structural incon-
sistencies. To enforce global scene consistency, we con-
strain the 3DGS optimization using a Geometric Consis-
tency Loss.

4.5.1. Depth-Guided Reprojection.

To enforce multi-view photometric consistency, we warp a
source view s to a target camera ¢ using the rendered 3DGS
depth maps and known camera poses. This depth-guided
reprojection yields the warped source image I, in the target
coordinate frame.

To restrict our comparison to valid overlapping regions,
we filter out out-of-bounds and negative-depth pixels. Fur-
thermore, we resolve occlusions by comparing the projected
source depth z; against the rendered target depth d;(p;) at

each pixel. A pixel is considered valid and non-occluded if:

d _
|di(pt) — 24 <
Zt

0.1 (10)

These operations yield a binary mask of reliable pixels,
Mgeo(p)'

4.5.2. Confidence-Aware Photometric Loss.

Due to extreme low-light noise, not all reprojected pix-
els are equally reliable. To prevent poorly warped pixels
from corrupting the optimization, a lightweight Convolu-
tional Neural Network predicts a per-pixel confidence map
C. The confidence network takes both the warped source
image and the target image as input to estimate reprojection
reliability. Network details are provided in (Section B.4 in
supplementary material).

C = o(foont(Ls: 1)) (1D

The photometric consistency across the valid pixel set {2

(where €) denotes the set of valid non-occluded pixels) is
weighted by this confidence:

oo = g Z C(p) |1:(P) — 1,(P)| Myeo(p)  (12)

To prevent the network from trivially minimizing the loss
by collapsing the confidence map to zero, we apply a nega-
tive log regularizer:

conf |Q| Z - 1Og

PeEQ

Mgeo(p)  (13)

The total geometric consistency loss combines these
terms:
£geo = ‘Cpholo + Econf (14)

4.6. Noise-Guided Spherical Harmonic Regulariza-
tion

Spherical Harmonics (SH) are utilized in 3DGS to model
view-dependent appearance. However, residual 2D noise
often manifests as rapid view-dependent color variations.
The 3DGS framework inherently interprets this noise as a
physical specular component, utilizing higher-order SH co-
efficients to fit it. This causes severe geometric artifacts
known as floaters.

We mitigate this by applying a noise-adaptive SH
penalty. We calculate a 2D spatial noise magnitude map
E,0ise(P) by taking the channel-wise mean absolute dif-
ference between the noisy enhanced image and the clean
pseudo-ground-truth target:

Enoise (p) = % Z

ce{r,g,b}

19, - 15,.0)| (15
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For each visible 3D Gaussian ¢, we project its 3D center
to the 2D image plane coordinate p. We sample the noise
map at these coordinates to assign a scalar noise weight
w; = Enoise(,u;)-

Weighted SH Penalty. The SH coefficients for a
single Gaussian ¢ are represented as a set C; =
{¢i,0,¢i1,--. ¢k}, Where ¢; o is the base color compo-
nent representing the view-independent diffuse color, and
components ¢; j, for & > 0 represent the higher-order, view-
dependent emission.

To suppress the overfitting of noise without darkening
the overall scene, we isolate and penalize only the higher-
order SH coefficients. The final regularization loss is com-
puted as the mean weighted Lo norm (squared) of the high-
order SH coefficients across all N,,;s visible Gaussians:

2

1 vis
Nvis

K2

les il (16)

M=

wj
1

Lsg =

~
Il

1

By directly tying the SH penalty to the noise magnitude,
Lsp aggressively penalizes view-dependent variations in
noisy regions (forcing those Gaussians to rely on their dif-
fuse base color) while permitting higher-order SH optimiza-
tion in the structurally clean, confident regions of the scene.
Specular highlights remain consistent across views, while
noise varies randomly between views, enabling the noise-
weighted SH penalty to suppress noise-driven coefficients
without affecting genuine view-dependent reflectance.

4.7. Final Optimization Objective

The complete training loss is defined as:
Etotal = Lrecon + Egeo + ESH (17)

where Lrecon i the reconstruction loss, L4, is the geomet-
ric consistency loss, and Lg 7 is the noise-guided spherical
harmonic regularization. All modules are jointly optimized
in an end-to-end manner using gradient-based optimization.

5. Experiments

5.1. Datasets

We evaluate our method on four diverse low-light datasets.
Refer supplementary section A for histogram plots. MVTV
[34] spans a wide 16-bit range which consists of wide dy-
namic range, LLRS [25] is concentrated near zero with ex-
treme noise, LOM [4] reflects low-light conditions, and LL-
NeRF [27] exhibits moderately low-light behavior with ad-
ditional noise. These distributions highlight progressively
challenging illumination regimes.

5.2. Baselines

We compare against recent 3D methods, including Aleth-
NeRF [4], LLNeRF [27], 12-NeRF [14], Luminance-GS
[5], Lita-GS [36], and hybrid 2D+3D pipelines (MBLLEN
[16], URetinex-Net [33], SCI++ [17], Zero-DCE [7] + GS).
All 3D methods rely on COLMAP[24] for initial sparse
point cloud reconstruction and pose estimation; however,
Aleth-NeRF, Luminance-GS, and I2-NeRF additionally use
ground-truth images to align luminance and contrast statis-
tics.

For 2D + 3D baselines, we enhance images (MBLLEN,
URetinex-Net, SCI++, Zero-DCE), estimate poses and
initial pointcloud using VGGT [30], and train 3DGS-
MCMC [11] for 7k iterations. We use a unified split with
11ffhold = 8 across all methods for consistent novel
view evaluation. SCI++, Zero-DCE results are shown in
Appendix.

5.3. Implementation Details

Our framework is implemented using PyTorch and built
upon a 3D Gaussian Splatting (3DGS MCMC [11])
pipeline. We initialize camera parameters and geometry us-
ing VGGT [30] predictions.

For optimization, we use Adam with a learning rate of
le™3. The loss function consists of photometric consis-
tency, confidence regularization, illumination consistency,
and noise-guided spherical harmonic regularization. Train-
ing is performed for 7k iterations on an NVIDIA RTX 3090
GPU.

5.4. Results

We present visual comparisons in Fig. 2 across LOM (Sofa,
Shrub), LLNeRF (Building, Staircase), and LLRS (Still2,
Still3) scenes. Existing methods exhibit clear limitations:
Luminance-GS produces artifacts such as floaters, ghost-
ing, and over-smoothing (e.g., Building, Staircase), Aleth-
NeRF shows competitive performance on LOM but suffers
from structural degradation, including edge bleeding and in-
complete geometry in LLNeRF (Still2, Still3), as well as
color artifacts in Building and Staircase, and Lita-GS im-
proves visibility but exhibits inconsistent color reproduc-
tion and local artifacts. 2D enhancement + GS pipelines
(MBLLEN, URetinex-Net) further blur details and lack ge-
ometric consistency. In contrast, our method preserves
fine structures (e.g., Building, Still2, Still3) while maintain-
ing consistent and realistic colors, closely matching ground
truth (e.g., Shrub, Sofa).

Quantitatively, as shown in Table 1, our method achieves
the best performance on LLNeRF with 23.49 dB PSNR,
outperforming the next best method by +1.58 dB, along
with the highest SSIM (0.8978) and lowest LPIPS (0.3325).
On LLRS, we obtain 15.54 dB PSNR (+0.17 dB over 12-
NeRF), with competitive SSIM and reduced LPIPS. On
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Still3!

Building

Staircase
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Input Luminance- GS‘r Aleth-NeRFT Lita-GS LLNeRF

12-NeRFT MBLLEN +*  URetinex-Net + * Ours Ground Truth

Figure 2. Qualitative comparison of novel view synthesis under challenging low-light conditions. Indoor scenes: Sofa (LOM), Still2
and Still3 (LLNeRF); outdoor scenes: Building and Staircase (LLRS), Shrub (LOM). | denotes methods using ground-truth (well-lit)
images, * indicates 3DGS-MCMC [11]. Our method achieves competitive visual quality and demonstrates strong generalization across
diverse indoor and outdoor datasets under severe noise and extreme low-light conditions.

LOM, while 12-NeRF reports higher PSNR due to addi-
tional supervision, it leverages ground-truth images to ex-
plicitly align luminance and contrast statistics, going be-
yond point cloud initialization. Despite this advantage,
our method still outperforms comparable baselines such as
Aleth-NeRF and Lita-GS by up to +1.41 dB and +0.98
dB, respectively (Table 1). Overall, our method generalizes
consistently across datasets and lighting conditions, demon-
strating robust low-light 3D reconstruction without ground-
truth supervision.

We further evaluate on the MVTYV dataset, which con-
tains high dynamic range 16-bit inputs under extreme low-
light conditions (Fig. 3). Inputs are converted to 8-bit via
linear tone mapping before applying all 2D and 3D base-
lines; however, none produce reliable results. Applying
gamma correction (GC) and Drago tone mapping followed
by 3DGS improves visibility but introduces artifacts. In
contrast, our method achieves superior visual quality with
better noise suppression and structural consistency. Thus,

our methods generalises well across various datasets.

5.5. Ablation Study

Our full model achieves significant improvements over all
ablated variants, demonstrating the importance of each
component. Specifically, it improves PSNR by +2.15 dB
over w/o SH regularization, +2.41 dB over w/o geomet-
ric loss, and +3.22 dB over w/o N2V + SH regularization.
These gains indicate that both radiance modeling and geo-
metric constraints play a crucial role, while the N2V-based
denoising is particularly important under extreme low-light
conditions. Consistent trends are observed in SSIM, with
improvements of +0.0139, +0.0317, and +0.2044, reflect-
ing better structural fidelity and image consistency. Further-
more, LPIPS decreases by 0.2299, 0.0275, and 0.3424, re-
spectively, showing that our method produces perceptually
closer results to ground truth. Notably, the largest degrada-
tion occurs when the N2V loss is removed along with SH
regularization, highlighting that effective noise suppression
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Table 1. Quantitative evaluation of novel view synthesis across three low-light datasets. Our method achieves competitive performance
on LOM, where I?-NeRF performs best; however, it relies on ground-truth images for luminance alignment and fails to generalize to
LLNeRF and LLRS, while our method generalizes well across all datasets. Green, yellow, and red indicate the best, second-best, and
third-best performance, respectively.  denotes methods that rely on ground-truth images for pose or point cloud initialization. GS refers

to 3DGS-MCMC [11].

LOM LLRS LLNeRF
Method PSNR1 SSIM1T LPIPS| | PSNRT SSIM1 LPIPS] | PSNRT SSIM1 LPIPS |
2D Enhancement Methods
SCI++ [17] + GS 11.86 0.6026 0.3219 9.37 0.1224  0.7797 12.82 0.5212 0.4549
MBLLEN [16] + GS 15.08 0.7008 0.3458 15.36 0.3958 0.6608 18.09 0.7011 0.3656
URetinex-Net[33] + GS 20.29 0.8249 0.2991 15.10 0.4012  0.6670 20.08 0.8679 0.3946
Zero-DCE [7] + GS 13.48 0.7179 0.2880 10.23 0.2112  0.6950 14.19 0.6789 0.4069
NeRF-based Methods
Aleth-NeRFT [4] 19.56 0.7822 0.3113 12.65 0.4054  0.8985 16.02 0.7558 0.6574
LLNeRF [27] 17.60 0.7497 0.3654 14.93 0.3446  0.7292 18.82 0.8597 0.3377
I2NeRF' [14] 22.40 0.7877 0.2789 15.37 0.3763 0.6493 21.91 0.6048 0.6463
3D Gaussian Splatting Methods

LuminanceGST [5] 17.98 0.7893 0.3110 9.78 0.3334  0.7953 12.49 0.2178 0.5291
LITA-GS [36] 19.99 0.7988 0.3058 14.87 0.4381 0.7234 15.50 0.8515 0.3973
Ours 20.97 0.7904 0.2467 15.54 0.4088 0.6136 23.49 0.8978 0.3325

Input Drago + * GC +* Ours Table 2. Ablation study on novel view synthesis for the LLNeRF

parkingraw masonraw

chairraw

Figure 3. Qualitative comparison under extreme low-light con-
ditions on the MVTYV dataset. Due to its high dynamic range
and extremely low illumination, 16-bit inputs are converted to 8-
bit via linear tone mapping before applying all 2D and 3D baseline
methods; however, none produce reliable results. We further apply
gamma correction with gamma of 0.2 and Drago tone mapping fol-
lowed by 3DGS, which improves visibility but introduces artifacts.
In contrast, our method produces superior visual quality with bet-
ter noise suppression and structural consistency under such chal-
lenging conditions. (¥) indicates the use of 3DGS-MCMC [11].

is critical for stabilizing training and recovering meaningful
details in low-light scenarios. Overall, each component im-
proves reconstruction accuracy and perceptual quality, with
ablations confirming the importance of noise-aware regular-
ization and geometric consistency.

dataset (average over Still2, Still3, and Still4 scenes).

Method PSNR1 SSIM*t LPIPS |
w/o SH Reg 21.34 0.8839 0.5624
w/o Geometric Loss 21.08 0.8661 0.3600
w/o N2V & SH Reg 20.27 0.6934  0.6749
Ours 23.49 0.8978  0.3325

6. Conclusion

We presented a unified framework for low-light 3D Gaus-
sian Splatting that tightly integrates image enhancement,
self-supervised denoising, and geometry-aware optimiza-
tion. By incorporating noise-aware priors and multi-view
consistency directly into the optimization process, our
method effectively mitigates noise amplification and im-
proves reconstruction quality under extreme low-light con-
ditions. Extensive experiments demonstrate that our ap-
proach generalizes well across diverse datasets, achiev-
ing competitive results with existing NeRF-based and
Gaussian-based methods in both quantitative and qualitative
evaluations, despite not using ground-truth images for pose
estimation or hyperparameter tuning. Future work will ex-
plore improved robustness under extreme sensor noise and
extend the framework to dynamic scenes and real-time de-
ployment scenarios.
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