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Abstract

Synthesizing novel spatiotemporal views of dynamic scenes
is challenging due to object and camera motion, and sparse
observations. While recent Neural Radiance Field (NeRF)
and Gaussian Splatting (GS) methods enable 4D dynamic
scene reconstruction, they predominantly assume well-lit
inputs. Existing low-light reconstruction approaches are
limited to static scenes and mainly focus on brightness
enhancement while overlooking underlying scene struc-
ture. Reconstructing well-lit dynamic scenes from low-
light inputs is particularly challenging due to motion-
induced shadows, occlusions, and disocclusions, making
the problem highly ambiguous. We propose L2DGS (Low-
Light Dynamic Gaussian Splatting), a self-supervised 4D
GS framework that directly reconstructs well-lit dynamic
scenes from low-light videos. The method decomposes the
scene into view- and time-dependent illumination and view-
time-invariant reflectance components. We introduce an
Occlusion-Disocclusion Network (OCD-Net) to model tem-
poral intensity variations and Brightness Attenuation Fea-
tures (BAFs) with a BAF Enhancement Network (BAFE-
Net) to enable geometry- and photometry-aware trans-
formation between well-lit and low-light observations for
self-supervision. L2DGS operates on standard sRGB in-
puts without requiring camera metadata. Experiments on
simulated and proposed real Low-Light Dynamic Video
(L2DyV ) datasets demonstrate superior qualitative and
quantitative performance over prior methods. The dataset
is available at: https://github.com/akumar005/L2DGS.

1. Introduction
Recent advances in NeRFs and 3D Gaussian Splatting
(3DGS) have greatly improved novel-view synthesis from
well-lit images and videos. Most of these methods assume
favorable illumination, whereas real-world scenes often ex-
hibit uncontrolled and challenging lighting. Low-light pho-
tography often suffers from reduced visibility, diminished
details, color loss, and higher noise levels. Some recent
studies [3, 4, 6, 19, 31, 34, 35, 45, 47, 52] have attempted
reconstruction of well-lit scenes and novel view synthesis

from low-light input, but these are limited to static scenes
and cannot model temporal scene dynamics.
The problem of reconstructing dynamic scenes (i.e., a scene
having a moving object) and synthesizing spatio-temporal
novel well-lit views from low-light inputs remains largely
underexplored. The problem becomes quite complex in the
presence of a moving object due to several factors: (i) Ad-
justing camera settings such as exposure can introduce un-
wanted artifacts, including motion blur. (ii) Object motion
representation and learning is quite challenging. (iii) Inher-
ent sparsity (as one particular time instance is observed only
once in the case of a single camera). (iv) Motion and view-
dependent brightness/darkness in the scene. (v) Object mo-
tion introduces textural ambiguity in the background. As
the object moves, the position of its shadow on the back-
ground (cast shadow) may shift, making it difficult to deter-
mine whether a given region is inherently dark or appears
dark due to shadowing. (vi) Additionally, object motion
and viewpoint variations can cause shadows onto the object
itself (self-shadow). Moreover, the correlation between ob-
ject motion and shadow dynamics depends on the specific
3D scene and viewpoint.
Methods such as [2, 12, 13, 15, 22, 24, 25, 37, 40, 41, 49,
51, 53] address low-light enhancement but cannot synthe-
size spatiotemporal novel views. Performing the dual task
of low-light enhancement and dynamic novel view synthe-
sis as a single, end-to-end task can ensure efficiency, con-
sistency, and robustness. Instead of treating them as two
separate processes, we posit that an integrated pipeline of-
fers several advantages. (i) A joint model can learn a uni-
fied geometric and photometric feature space, ensuring that
enhancements are performed in a manner that naturally ex-
tends to view-synthesis. (ii) Enhancing low-light dynamic
scenes and synthesizing new views in space and time re-
quires understanding scene illumination and reflectance,
scene geometry and depth, and object motion, which a sin-
gle model can jointly learn for consistent lighting and view
generation. (iii) An end-to-end model can learn how to
jointly enhance and synthesize views for moving objects,
ensuring motion consistency across frames.
Dynamic scene reconstruction from inputs degraded with
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Figure 1. We depict two challenging dynamic scenarios in low-light. The first case involves self-occlusion/disocclusion caused by dynamic
object motion, highlighted in blue in column 1 (low-light test view), column 2 (output from [4]), and column 3 (our output) across two
time instances (i.e., each row). While the recent method [4] fails to reconstruct the scene and simply enhances the brightness, leading to
saturation effects (in green bounding box), our method synthesizes the scene realistically. Column 4 shows the depth map (row 1 (output
of [4] ) and row 2 (our output)) to further validate the scene-aware reconstruction capabilities of L2DGS. In the second case (Columns
5, 6, and 7) serve to illustrate the importance of modeling temporal illumination variations. L2DGS accurately reconstructs both the cars
(blue bounding boxes) and captures temporal lighting changes (green bounding boxes).

low-light artifacts is an underexplored area. In this
work, we propose Low-Light Dynamic Gaussian Splatting
(L2DGS), a novel framework for directly reconstructing
well-lit dynamic scenes from low-light sRGB inputs. The
proposed method operates directly on in-the-wild captured
inputs and does not rely on motion masks, camera metadata,
or any form of explicit supervision from well-lit references.
Built upon the recently introduced 3D-GS [14], L2DGS in-
herits its strengths in high-fidelity rendering, real-time per-
formance, and computational efficiency [11, 14, 33]. Unlike
prior GS-based methods [11, 14, 20, 33, 39], which assign
view-dependent color to each Gaussian, we instead asso-
ciate each Gaussian with two distinct attributes: illumina-
tion and reflectance. We condition illumination on view and
time, and treat reflectance as the scene intrinsic. The final
color is the product of both attributes. As a result, the color
associated with each Gaussian is a function of both time and
viewpoint, enabling more accurate modeling of dynamic
scenes, which most GS and NeRF-based approaches do not
explicitly capture (see Fig. 1). We also propose a systematic
methodology to transform latent well-lit scenes to low-light
observations for enabling self-supervision. Our key contri-
butions are as follows:
• The proposed L2DGS directly reconstructs latent well-

lit dynamic scenes from low-light inputs in a fully self-
supervised manner. L2DGS explicitly models scene
color as both view and time-dependent, enabling robust
disambiguation of color variations caused by object mo-
tion and lighting inconsistencies in dynamic situations.

• We propose an Occlusion-Disocclusion Network (OCD-
Net) to model time-dependent intensity which arises due
to illumination variations, often caused by object motion.

• To facilitate robust reconstruction under low illumination,
we introduce a Signal Amplification Regularizer (SAR),
which enhances signal strength and improves the fidelity
of the reconstructed scene.

• We introduce Brightness Attenuation Features (BAFs),

which are intrinsic attributes associated with each Gaus-
sian, and a BAF enhancement module (BAFE-Net).
Complemented by a Scene-Adaptive Structural Regu-
larizer (SASR), these components together facilitate a
scene-aware and structurally consistent transformation
from well-lit to low-light domain to enable effective self-
supervision.

• We introduce the first Low-Light Dynamic Video
(L2DyV ) dataset of real low-light dynamic scenes and
show through extensive synthetic and real-data experi-
ments that L2DGS consistently outperforms the state-of-
the-art.

2. Related Works

Since L2DGS can reconstruct 3D scenes and synthesize
novel views, we review recent works in the NeRF and Gaus-
sian Splatting (GS) domains, which share similar 3D recon-
struction and view synthesis capabilities.
NeRF [26] and GS [14] have emerged as powerful tech-
niques for reconstructing 3D scenes from monocular and
multiview images or videos while enabling photorealistic
novel view synthesis. NeRF represents scene geometry and
appearance by modeling the color of a point as a view-
dependent radiance field, leveraging volumetric rendering
principles. In contrast, GS formulates the scene as a col-
lection of 3D Gaussians, where the color associated with
each Gaussian is explicitly modeled as view-dependent. Ex-
tensive research on NeRF-based [7, 9, 16, 46, 54] and GS-
based [23, 30, 42, 48] methods has primarily focused on
reconstructing scenes from well-lit inputs with clear scene
visibility. Several NeRF-based approaches [1, 17, 18, 21,
38] and GS-based methods [5, 20, 28, 39, 44] have been
proposed to extend these models to dynamic scenes, but
they require a clear, well-lit scene.
Among works that deal with low-light static scenes, Light-
ing up NeRF [34] decomposes a static scene into view-
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dependent and view-independent components and enhances
the view-dependent component. Aleth-NeRF [3] models
the formation of low-light scenes due to the presence of oc-
cluders and learns the concealing fields. Lush-NeRF [31]
addresses the issue of low-light enhancement in the pres-
ence of blur and noise but uses an off-the-shelf method for
low-light enhancement. NeRF-in-Dark [27] extends NeRF
to operate in dark environments; however, it requires RAW
images as input, which typically contain more informa-
tion and processing flexibility. Lo-Gaussian [47] decom-
poses a scene into low illumination and normal light scene.
DarkGS [50] proposes a method tailored for robotic appli-
cations, addressing illumination variability through color
calibration. Gaussian-in-Dark [45] relies on the exposure
and camera metadata as inputs for learning a well-lit scene.
LL-Gaussian [32] uses a well-lit frame, estimated from a
state-of-the-art network, as supervision. Luminance-GS [4]
proposes view-dependent color mapping and curve adjust-
ment. Bright-NeRF [36] uses RAW images. [43] proposes
exposure correction inspired by light scattering and absorp-
tion theory. Lita-GS [52] extracts an illumination-invariant
physical prior, which is used in the subsequent stage for
lighting agnostic rendering. LL-GS [35] introduced a de-
composable Gaussian representation for targeted color en-
hancement and a direction-based optimization strategy to
maintain multi-view consistency. [19] uses a dual branch ar-
chitecture where the first branch estimates the well-lit scene
and the second branch estimates the illumination transition
to address the low-light scene reconstruction for a static
scene.
The most closely related work to ours is Lighting up NeRF
[34], but key differences exist: (i) [34] is restricted to static
scenes and cannot handle motion. (ii) Our approach jointly
transforms illumination and reflectance in a scene-aware
manner, preserving both color and brightness. (iii) The pro-
posed Scene-Adaptive Structural Regularizer (SASR) en-
forces structural consistency. (iv) We model illumination
as time- and view-dependent to capture dynamic motion.
Unlike [34], our method is explicitly 3D scene-aware, and
offers faster training with real-time inference capability.

3. Methodology
The proposed method directly reconstructs a well-lit dy-
namic scene in a fully self-supervised manner, given N low-
light observations

{
Itd ∈ RH×W×3

}
|Nt=1, the correspond-

ing camera poses (Rt ∈ R3×3, Tt ∈ R3,K ∈ R3×3), and a
sparse point cloud

{
µi

c ∈ R3
}
|Mi=1 as inputs. Rt and Tt

are camera rotation matrix and translation vector at time
t. K is the camera intrinsic matrix. H (height) and W
(width) represent the resolution of the input frames. We
assume the 3D dynamic scene is composed of Gaussian
primitives. In particular, we begin with a set of canoni-
cal Gaussians Gc

i

(
µi

c,Σc
i

)
, centered at µc

i with covariance

Σc
i ∈ R3×3. With each Gc

i

(
µi

c,Σc
i

)
we associate view-

dependent illumination lci (v) ∈ R+, view-independent re-
flectance ri ∈ R3, and opacity oi ∈ R+. v ∈ R3 is
a view. The view-dependency is encoded using Spher-
ical Harmonics (SH). At a query time t, we transform
Gc

i

(
µi

c,Σc
i

)
to a new state Gt

i

(
µi

t,Σt
i

)
using Hexplane

[1] and Occlusion-Disocclusion Network (OCD-Net) that
we propose. Finally, we rasterize Gt

i

(
µi

t,Σt
i

)
and estimate

the illumination map Lw(v, t) ∈ RH×W , and reflectance
map Rw ∈ RH×W×3, product of which is the well-lit im-
age Iw(v, t) ∈ RH×W×3. The rasterizer maps the 3D
Gaussians onto the 2D image plane, orders them by depth
to preserve proper visibility, and applies alpha blending to
combine the splats into the final rendered image. During
training, we transform Iw(v, t) to the low-light to enforce
self-supervision. To achieve this, we further introduce two
additional features b1i ∈ R+ and b2i ∈ R+ which we
name as Brightness Attenuation Features (BAFs), to each
Gaussian notationally, Gc

i := {µc
i ,Σ

c
i , l

c
i , ri, oi, b1i, b2i}

and Gt
i := {µt

i,Σ
t
i, l

t
i , ri, oi, b1i, b2i}. This transformation

is further aided by SASR, and SAR to maximize the signal
strength. During inference, a queried camera pose and time
instant enable the rendering of both well-lit and low-light
images, ensuring spatial and temporally consistent scene
rendering. An overview of the proposed framework is il-
lustrated in Fig. 2. Next, we explain the transformation
of Gc

i

(
µi

c,Σc
i

)
to a state Gt

i

(
µi

t,Σt
i

)
at time t along with

well-lit scene estimation and self-supervision strategy.

3.1. 3D Dynamic GS Preliminaries
Following 3DGS [14], we decompose Σc

i = QiSiS
T
i Q

T
i

where Qi ∈ R3×3 is a rotation matrix and Si ∈ R3×3 is a
diagonal scaling matrix so as to constrain Σc

i to be positive
semidefinite. Since the scene consists of dynamic objects
(i.e., moving objects), we model the Gaussian state at time
t using motion field. Motion field refers to the apparent mo-
tion of a Gaussian at any time t. The Hexplane [1] inspires
our representation of the 3D motion field, which consists of
6 feature planes: XY , Zt, Y Z, Xt, ZX , and Y t. In partic-
ular, given a Gc

i with µi
c = [X,Y, Z]T and a query time t,

we extract and aggregate features from the motion field as

f(µi
t) = g

(
F (X,Y ) · F (Z, t) + F (Y, Z) · F (X, t)

+ F (Z,X) · F (Y, t)
) (1)

F (·) denotes the feature in the specified plane and g(·)
is a feature aggregation function. The feature f(µi

t) is
then passed through three separate MLP-heads namely µ-
Head, Q-Head, and S-Head respectively as shown in Fig.
2, similar to 4DGS [39], to estimate µt

i, Q
t
i, and St

i (Σt
i =

Qt
iS

t
i (Q

t
iS

t
i )

T ). The 3D Gaussian when projected onto the
image plane results in a 2D Gaussian with mean µt

2D ∈ R2

and covariance Σ2D
t ∈ R2×2. The view-dependent illumi-
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Figure 2. The proposed framework. We start with the canonical Gaussian Gc
i and estimate its state at time t as Gt

i . We decompose the
estimated well-lit image Iw into a (view-time)-independent component Rw, and a (view-time)-dependent component Lw. Our BAFE-Net
estimates the domain transformation quantities B1 and B2, which are solely used during training and discarded at inference. The example
shown corresponds to the L2DGS result for one of the scenes from L2DyV .

nation lci is given by

lci =

(k+1)2∑
j=1

bj ·Bj(v) (2)

where Bj(v) is the SH basis, and bj ∈ R is the basis mixing
coefficient. k is the number of SH bands.

3.2. OCD-Net and Well-lit Scene Estimation
The observed intensity can vary due to external factors
such as object motion. We attribute the intensity variations
caused by these external factors to the time-dependent trans-
formation of lci , which we denote as lti .

lti =

(k+1)2∑
j=1

aj(t) · bj ·Bj(v) (3)

where aj(t) ∈ R+ is the scale factor governing time-
dependent transformation such as occlusion or disocclu-
sion.
OCD-Net: Mathematically, time dependency arises when
Gt

i becomes occluded or disoccluded, either due to its own
motion or the motion of another Gaussian Gt

m (m ̸= i)
present in the 3D space. Hence, the need for OCD-Net,
which we propose, arises to estimate the time-dependent
scale factor aj(t).

aj(t) = F2

(
F1(G

t
i, G

t
m; t)

)
= OCD-Net(f(µt

i)). (4)

In the above Eq., F2 estimates the effective gain or loss of
illumination, and F1 relates all the Gaussians (Gt

m) in the
scene, that affect the overall illumination of Gt

i. OCD-Net
models the combined effect of F1 and F2. The input to
OCD-Net is f(µt

i) (Eq. 1), which encodes the spatial and
temporal scene dynamics obtained from the motion field,
and the network maps this representation to aj(t), implic-
itly learning F1 and F2. We provide architectural details of
OCD-Net in suppl.

Finally, we estimate Lw(v, t) ∈ RH×W by applying alpha
blending to lti using a rasterizer.

[Lw(v, t)]p =
∑

i∈N (p)

Ti αi l
t
i ,

where αi = oi exp
(
− 1

2 (p− µt
2D)T (Σ2D

t )−1(p− µt
2D)

)
,

and Ti =

i−1∏
j=1

(
1− αj

)
.

(5)
N (p) is the set of Gt

is that affect the intensity of pixel p ∈
R2. [Lw(v, t)]p is the value of Lw(v, t) at pixel p. Similarly,
we estimate the reflectance map Rw ∈ RH×W×3 as

[Rw]p =
∑

i∈N (p)

Ti αi ri (6)

Finally, the well-lit image is estimated as

Iw(v, t) = Lw(v, t) ◦Rw (7)

where ◦ denotes Hadamard product.
Note that our approach is unlike Retinex theory-based meth-
ods which do not consider the temporal dimension and de-
compose an image into static view-dependent and view-
independent components. Also most of the prior GS-based
methods estimate a pixel intensity solely as a function of
view. However, our method extends the dependence on time
as well to handle the observed color variation due to exter-
nal factors such as object motion. The time dependency
in the color is effectively modeled by scaling the view-
dependent lci with the time-dependent aj(t) (Eqs. 2 - 4),
which is used to render a well-lit image Iw(v, t) (Eq. 7).

3.3. Well-Lit to Low-Light Domain Transformation
for Self-Supervision

BAFs. The enhancement process should respect the under-
lying scene geometry. Transformation of a well-lit scene

19099



into a low-light scene should preserve the scene’s struc-
tural and dynamic properties. During training, we trans-
form Iw(v, t) to the observed low-light counterpart Itd us-
ing BAFs for self-supervision. To achieve this, we in-
troduce two additional per-Gaussian features, b1i and b2i
which are randomly initialized and are jointly optimized
along with µc

i ,Σ
c
i , l

c
i , ri and oi. To estimate BAFs in the im-

age plane, we rasterize b1i and b2i to obtain B̂1 ∈ RH×W

and B̂2 ∈ RH×W respectively, as follows.

[B̂1]p =
∑

i∈N (p)

Ti αi b1i [B̂2]p =
∑

i∈N (p)

Ti αi b2i (8)

BAFE-Net. We found B̂1 and B̂2 to be insufficient in trans-
forming the estimated well-lit image to a low-light image
for supervision. Hence, we propose a BAF enhancement
convolutional neural network (BAFE-Net) to yield the fi-
nal 2D BAFs, B1 ∈ RH×W and B2 ∈ RH×W . BAFE-
Net takes the concatenated B̂1 and B̂2 as input, with shape
H×W ×2. Note that BAFE-Net is jointly optimized along
with all the Gaussian parameters. We provide details of
BAFE-Net architecture in suppl. We estimate the low-light
image as

Îtd = Lw(v, t)
◦B2 ◦R◦B1

w (9)

Here, a◦b denotes element-wise exponentiation. Through
SASR, B1 and B2 are regularized to align with the gradi-
ent of Rw and Lw, respectively, facilitating scene-aware do-
main transformation. The intuition to use the exponential in
Eq. 9 is inspired by the gamma correction which is also
differentiable. Importantly, our method is effective for both
dynamic foreground objects and static backgrounds and can
handle any sudden changes in observed intensity arising
from object motion. Our approach enhances the robustness
and perceptual quality of dynamic scene reconstruction un-
der low-light conditions.
Adopting such a forward-modeling strategy, where the low-
light image is synthesized from its well-lit counterpart, pro-
vides greater control over the constituent scene components,
enabling selective enhancement to achieve a higher Signal
to Noise Ratio (SNR). In contrast, an inverse reconstruction
approach of estimating the well-lit scene by enhancing low-
light scene components can inevitably amplify noise and in-
troduce artifacts, further degrading reconstruction fidelity.

Overall, the proposed design confers (i) A significant
advantage during inference (BAFs and BAFE-Net are not
needed at test time), enabling real-time execution at more
than 30 frames per second. (ii) Our approach enables en-
hanced signal strength while effectively suppressing signal-
dependent noise in the estimated well-lit image. (iii) We
show that incorporating BAFs provides a stronger constraint
on the optimization process, effectively reducing color dis-
tortions.

It is evident that the estimation of a well-lit scene from low-
light inputs is an ill-posed problem. Multiple combinations
of Lw, Rw, B1, and B2 can lead to the same solution. This
necessitates the need to incorporate constraints as discussed
next.

3.4. Loss Function and Regularizers
Data fidelity loss: This enforces the reconstructed low-
light image (Îtd) to be consistent with the input low-light
image (Itd) and is given by

Lphoto = ||Itd − Îtd||1 + (1− SSIM((Itd + ϵ)η, (Îtd + ϵ)η))
(10)

|| · ||1 represents L1 norm. η is decayed exponentially from
0.95 to 0.5 and ϵ = e−5 for training stability.
Exposure regularizer: Zero-DCE [10] used this regular-
izer on the enhanced image, but we found it to offer better
performance when applied to Rw in our framework. It is
given as

Lexp =
1

M

M∑
k=1

|Rk

w − e|, (11)

Superscript · denotes the average intensity value. The goal
of this regularizer is to mitigate under or overexposed re-
gions by controlling the deviation of the average value of
Rw (that is, R

k

w ∈ R+) in M non-overlapping local regions
from a well-desired exposure level e = 0.6 in 16× 16 win-
dow.
Edge-aware depth smoothness loss: It is important to en-
hance scene brightness while maintaining the underlying
geometry. This regularizer constrains depth to follow a
smooth transition based on the photometric characteristic
of the estimated image.

LD = |∂xD| e−|∂xIw| + |∂yD| e−|∂yIw| (12)

where D ∈ RH×W is the estimated depth map.
Signal Amplification Regularizer (SAR): In low-light
imaging, photon scarcity leads to increased sensor noise, re-
sulting in degraded signal quality. Consequently, direct es-
timation of Lw(v, t) and Rw can introduce noise artifacts,
yielding a suboptimal well-lit reconstruction. To mitigate
this issue, we aim to amplify the signal and minimize noise.
Specifically, we enforce the maximization of Lw(v, t) via
the following objective as

LL =
1

HW

H∑
i=1

W∑
j=1

|1− [Lw(v, t)]i,j | (13)

[Lw(v, t)]i,j is the value of Lw at location (i, j). We maxi-
mize Lw(v, t) as it controls brightness and varies with time.
We set the value to 1 to keep Lw(v, t) as high as possi-
ble, which is essential for generating a well-lit scene as
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Rw ∈ [0, 1]. However, maximizing Rw, analogous to Eqn.
13 has negligible impact on both qualitative and quantita-
tive outcomes, as demonstrated in our ablation studies. A
potential explanation is that Rw does not depend on view
and time, and hence the noise is effectively averaged out
when aggregating Rw across multiple viewpoints.
Scene-Adaptive Structural Regularizer (SASR): Trans-
formation of a well-lit image into a low-light image should
respect the scene’s photometric properties and underly-
ing structure, motivating a regularizer that enforces scene-
aware transformation. Since B1 and B2 operate on Rw and
Lw, respectively (Eq. 9), we heuristically encourage their
gradients to be similar so that they can effectively capture
the underlying structural consistency between Rw and Lw,
and transform them accordingly. The BAF values must
align with the observed data and adapt temporally to ac-
count for scene dynamics. We propose the following regu-
larizers:

LB1 = ||β1∇B1−∇Rw||1 and LB2 = ||β2∇B2−∇Lw||1
(14)

where ∇ denotes the gradient operator. The final objective
function is given by

L = Lphoto+λ1Lexp+λ2LL+λ3LB1+λ4LB2+λ5LD (15)

4. Experiments
Training. We adopt 4DGS [39] as our baseline and build
our code on it. The resolution of motion field along the
X , Y , and Z axes is 64, and the resolution in t axis is N

2 .
We follow a similar training strategy as [39], allocating first
3000 iterations for coarser training and the next 20000 iter-
ations for finer training. During the coarse stage, the motion
field and the OCD-Net are inactive. During the finer stage,
all components of L2DGS are active. Scene decomposition
is performed during the coarse as well as fine stages, and the
proposed method is end-to-end and fully self-supervised.
We use a batch size of 2. The initial learning rate (LR) for
BAFE-Net is set to 0.0016 and decays exponentially to a fi-
nal value of 0.00016 using a decay factor of 0.01. Similarly,
the LR for OCD-Net decays exponentially from 0.00016 to
0.000016 with the same factor. The learning rates for BAFs
and reflectance are fixed at 0.00001, while the LR for illu-
mination is set to 0.0025. All other components follow the
learning rate schedule described in [39]. Optimization is
carried out using Adam. We initialize reflectance and BAFs
randomly. In all our experiments, we set β1 and β2 to 0.5.
The regularization weights λ1, λ2, λ3, λ4, and λ5 are cho-
sen as 0.01, 0.05, 1.0, 1.0, and 0.001, respectively, after
extensive experimentation. We discuss details of OCD-Net
and BAFE-Net in the supplementary. All the experiments
are conducted on an NVIDIA RTX 3090 GPU. The training
time is ≈ 90 minutes for frames with resolution 450× 800.
Datasets. To the best of our knowledge, there is currently

no publicly available low-light video dataset featuring sig-
nificant motion from both the camera and objects in the
scene. To quantitatively evaluate our approach, we generate
low-light frames using the method from Led-Net [53], ap-
plied to existing well-lit dynamic video datasets commonly
used in NeRF and Gaussian Splatting methods, such as the
iPhone dataset [8] and the HyperNeRF dataset [29]. [53]
works by first converting a well-lit RGB image to LAB
space. A saturation and exposure map are derived from
the lightness channel, Lwell, of a well-lit image which are
then input to a low-light generation network to synthesize
a low-light lightness Llow. A scale factor Llow

Lwell
is com-

puted and applied to the well-lit image to produce the fi-
nal low-light output. Note that [53] is proposed for im-
ages and fails for some cases where the generated images
do not look like a low-light image and have visible arti-
facts such as color distortions and flickering. Such unrealis-
tic synthesized data was not considered in our experiments.
We use 7 such synthetic videos. Importantly, ours as well
as the baseline methods are independent of the low-light
data synthesis process and do not incorporate any cues from
the synthesis procedure. To evaluate performance on real
data, we captured 12 challenging videos which we name as
Low-Light Dynamic Videos (L2DyV ) dataset using hand-
held GoPro Hero10, POCO X3, and Samsung Galaxy M35
smartphones. Each video consists of 100 to 300 frames.
While capturing L2DyV , we ensured diverse camera trajec-
tories, multi-class dynamic objects, diverse visibility across
videos, and also within the same scene. These videos do not
have ground truth. The resolution of the videos is 450×800
for all experiments. Details of L2DyV are given in suppl.
For a fair comparison, we trained all baselines for each of
the synthetic and real videos.

4.1. Results and Comparisons

We show qualitative results in Fig. 3 and present quantita-
tive metrics on synthetic data in Table 1. In the supple., we
include additional results and comparisons with two more
methods. We have also included the optimization time for
all the baselines in the supple. We conduct both qualitative
and quantitative comparisons against state-of-the-art low-
light NeRF-based methods [3, 34] and low-light GS-based
methods [4, 47, 50, 52]. For the synthetic datasets, we ex-
clude Dark-GS [50] due to its reliance on camera metadata,
although we do evaluate it on L2DyV . Lo-Gaussian [47]
failed to reconstruct the scene, producing entirely black im-
ages for all the scenarios and is hence excluded from our
main comparisons. The inference code of Lita-GS [52] is
publicly not available, hence we implemented it ourselves
for purpose of evaluation. Our method reconstructs the ‘Ap-
ple’ though it is occluded and disoccluded by hand (Fig. 3,
row 1). On real data, L2DGS is able to reconstruct the
scene while preserving well-lit areas (Fig. 3, row 2), can
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Test View LLNeRF [34] AlethNeRF [3] LITA-GS [52] Lumi-GS [4] L2DGS Ground truth

Test View LLNeRF [34] AlethNeRF [3] LITA-GS [52] Lumi-GS [4] GS-DK [45] L2DGS

Figure 3. Comparisons with NeRF and GS-based methods. Synthetic scene: Apple (row 1), and L2DyV (real-data): Deer (row 2),
Skating (row 3), File (row 4). Our method effectively preserves scene structure and synthesizes well-lit views in a scene-illumination-and-
dynamics-aware manner in both static and dynamic regions. Additionally, it preserves shadows. We have additionally included qualitative
comparisons with 4DGS [39] in suppl.

Mochi Handwavy

Method Dynamic Static Overall Dynamic Static Overall

PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓

AlethNeRF [3] 14.32 0.50 0.17 15.53 0.66 0.23 14.95 0.59 0.40 11.93 0.38 0.10 12.54 0.39 0.51 12.41 0.39 0.61
LLNeRF [34] 13.60 0.60 0.08 13.37 0.67 0.10 13.45 0.64 0.18 11.33 0.42 0.05 13.15 0.54 0.24 12.78 0.52 0.29
LITA-GS [52] 10.37 0.41 0.13 10.71 0.64 0.17 10.51 0.54 0.31 9.79 0.40 0.07 9.74 0.36 0.35 9.73 0.36 0.42
Luminance-GS [4] 14.06 0.59 0.14 14.87 0.72 0.18 14.51 0.66 0.32 12.13 0.50 0.07 11.97 0.56 0.33 11.99 0.55 0.39
4DGS [39] 7.03 0.15 0.15 6.41 0.29 0.20 6.65 0.23 0.35 5.86 0.04 0.09 5.75 0.06 0.44 5.77 0.06 0.53
L2DGS 21.00 0.78 0.07 16.13 0.77 0.09 17.61 0.77 0.16 12.21 0.51 0.04 12.21 0.62 0.22 11.72 0.58 0.26

Apple Creeper

Method Dynamic Static Overall Dynamic Static Overall

PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓

AlethNeRF [3] 4.89 0.04 0.16 6.30 0.04 0.47 5.89 0.04 0.63 6.85 0.02 0.43 5.07 0.02 0.23 6.15 0.02 0.66
LLNeRF [34] 6.43 0.27 0.16 5.19 0.23 0.47 5.47 0.24 0.63 6.02 0.07 0.50 6.36 0.09 0.26 6.14 0.08 0.77
LITA-GS [52] 10.22 0.24 0.12 9.37 0.25 0.38 9.48 0.25 0.51 11.76 0.49 0.03 11.37 0.56 0.19 11.44 0.55 0.23
Luminance-GS [4] 12.22 0.32 0.11 12.62 0.47 0.33 12.50 0.43 0.44 11.48 0.30 0.16 14.50 0.48 0.08 12.30 0.36 0.24
4DGS [39] 5.06 0.07 0.13 6.35 0.06 0.39 5.98 0.06 0.53 6.98 0.04 0.36 5.22 0.05 0.19 6.29 0.04 0.55
L2DGS 13.26 0.58 0.06 13.67 0.65 0.18 13.31 0.63 0.24 15.49 0.55 0.12 12.01 0.60 0.07 13.96 0.57 0.19

Table 1. Comparisons across synthetic simulated low-light scenes. L2DGS consistently outperforms all competing methods by a signifi-
cant margin in dynamic regions. Metric values are computed on well-lit images.

handle shadows due to object motion, and can better handle
background visibility (Fig. 3, row 3). In the indoor scene
(Fig. 3, row 4), our method recovers human face without in-
troducing artifacts in the well-lit window area. These results
demonstrate that L2DGS yields reliable results in diverse
situations, and consistently outperforms competing NeRF
and GS-based methods. Notably, ours is the only method
that simultaneously learns to reconstruct the scene and en-
hance low-light inputs. In contrast, other methods fail to
preserve scene content and structural integrity and also suf-
fer from saturation effects. The depth maps for each method
are provided in supple. Please refer to the supple and its ac-
companying video for additional qualitative results.
User study on real scene synthesis: To further assess

perceptual quality, we conducted two complementary user
studies. (i) Binary study: Participants were asked to make
a binary choice from different methods and select a single
preferred result. This binary choice design encourages clear
and decisive judgment. (ii) Rating study: Participants rated
the output of each method on a scale of 1 (poor) to 5 (best)
on each scene. In total, 62 individuals participated across
the two studies, including high school students, undergrad-
uates, postgraduates, and industry professionals. Many of
them did not have a background in computer vision, ensur-
ing that the evaluation reflects general human perception.
The studies covered outputs from six methods across 12
real-world scenes. Note that the participant groups were not
identical across the two studies. Evaluation was conducted
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using five criteria. (i) Natural-looking brightness and light-
ing. (ii) Foreground reconstruction. (iii) Preservation of
scene structure. (iv) Faithful and natural color. (v) Minimal
reconstruction artifacts. The mean scores for each method
are given in Table 2. Our method received the highest av-
erage ratings (across all criteria), highlighting its ability to
synthesize images that align with human preferences.

Criteria (i) Criteria (ii) Criteria (iii) Criteria (iv) Criteria (v)
AlethNeRF [3] 0.00 / 1.56 0.01 / 1.36 0.10 / 1.58 0.10 / 1.26 0.01 / 1.34
LLNeRF [34] 23.14 / 3.05 2.01 / 2.97 1.12 / 2.91 25.80 / 2.84 6.03 / 2.83
LITA-GS [52] 1.64 / 1.59 0.18 / 2.32 2.95 / 2.54 1.74 / 1.98 6.33 / 2.36
GS-DK [45] 0.00 / 2.09 2.23 / 2.21 0.29 / 2.03 0.001 / 2.13 1.11 / 2.02
Luminance-GS [4] 0.02 / 2.39 2.01 / 2.81 1.10 / 2.36 0.001 / 2.67 6.11 / 2.55
L2DGS 75.20 / 4.05 93.57 / 4.33 94.34 / 4.08 72.36 / 4.36 80.41 / 4.28

Table 2. User study on L2DyV (values in % / Average ratings
(scale: 1-5). In both studies, L2DGS consistency performs better,
showing its ability to align with the human perception.

5. Ablations
In this section, we study the effect of different components
of our framework.
Without SSIM. We remove SSIM loss from Lphoto and
train the network. Qualitative analysis (in supple) as well
as quantitative analysis (Table 3) suggest that SSIM helps
to enhance scene visibility and sharpness. Without Lexp.
This loss enforces brightness consistency in a local neigh-
borhood. In the absence of Lexp, the estimated output is
again low-lit. Hence, the quantitative value suffers. With-
out LL. In the absence of LL, the estimated scene suffers
from low visibility. Without LB. Though without LB , the
scene brightness is enhanced, it does not follow the scene
dynamics and causes smearing of edges. Without BAFE-
Net. BAFE-Net enhances BAFs in the 2D space by lever-
aging local neighborhood information, thereby facilitating
a more effective transformation of the scene domain. In its
absence, the result is low-light. Without OCD-Net. The
estimated well-lit image exhibits degradation in both quali-
tative appearance and quantitative measures. Without LD.
The goal of LD is to aid in the depth learning, which should
be consistent with the scene photometry. Its absence can
lead to blurry outputs. R maximization (L+0.05|1−Rw|).
It has insignificant effect on the final output. Maximization
of Rw instead of Lw in Eq. 13. This leads to very poorly
lit images. Ablation on B1 and B2 (Eq. 9). We conduct
two independent ablations, setting B1 = 1 and B2 = 1
separately. Both configurations lead to color distortions.
In summary, the estimation of the well-lit image Iw(v, t)
depends on a single-channel view and time dependent il-
lumination map Lw(v, t) and a three-channel intrinsic re-
flectance map Rw. The loss term LL encourages Lw(v, t)
to maximize illumination strength, while Lexp constrains
Rw to maintain an average intensity value e within a local
neighborhood, allowing Rw the flexibility to adjust individ-

Experimental setting Dynamic Static Overall

PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓

W/o SSIM 14.12 0.41 0.20 12.84 0.52 0.29 13.20 0.49 0.49
W/o Lexp 8.36 0.23 0.11 7.30 0.30 0.19 7.65 0.27 0.31
W/o LD 16.26 0.56 0.11 13.57 0.61 0.14 14.27 0.60 0.25
W/o LB 14.40 0.53 0.10 14.71 0.68 0.16 14.56 0.62 0.26
W/o LL 7.82 0.18 0.14 6.57 0.23 0.22 6.99 0.22 0.37
W/o BAFE-Net 6.73 0.13 0.26 5.87 0.21 0.42 6.14 0.19 0.68
W/o OCD-Net 15.06 0.58 0.07 12.73 0.70 0.12 13.36 0.65 0.19
L + 0.05|1−Rw| 16.73 0.63 0.07 13.67 0.70 0.12 14.57 0.68 0.19
Maximize Rw (Eq. 13) 7.74 0.17 0.18 6.45 0.22 0.23 6.89 0.21 0.37
B1 = 1 14.23 0.57 0.07 11.66 0.65 0.13 12.46 0.62 0.20
B2 = 1 12.59 0.41 0.11 12.95 0.57 0.16 12.54 0.51 0.27
With L 16.73 0.64 0.07 13.86 0.71 0.12 14.68 0.69 0.18

Table 3. Average values across Sriracha, Creeper, Mochi, and Ap-
ple videos. Overall L delivers the best performance. Metric values
are computed on well-lit images.

.

ual pixel values locally. The proposed SASR module en-
ables scene-aware transformation between well-lit and low-
light domains. Furthermore, the SSIM component in Lphoto
helps preserve structural similarity between the ground truth
Itd and the estimated Îtd across multiple intensity levels in-
duced by η. Together, these components work synergisti-
cally to guide Iw toward its well-lit appearance while main-
taining scene awareness.
Note that we also evaluate the estimated Îtd against
the ground truth Itd. The average PSNR for dy-
namic/static/overall regions is 31.28/32.96/31.86, with
SSIM of 0.92/0.96/0.94, confirming the effectiveness of the
well-lit to low-light modeling. Limitations: Handling ex-
treme low-light scenes remains a limitation of our approach.
Our method requires camera poses and a 3D point cloud as
inputs. However, in extremely dark conditions, accurate es-
timation of these inputs is challenging, as even SOTA meth-
ods struggle to recover reliable scene information.

6. Conclusions
We proposed an end-to-end method L2DGS for re-
constructing well-lit dynamic scenes from challenging
low-light video sequences with known camera poses. The
real Low-Light Dynamic Videos, L2DyV dataset intro-
duced in our experiments spans a wide range of complexity
commonly encountered in low-light environments. These
videos exhibit low overall visibility, with some regions
appearing relatively well-lit. Despite the non-uniform
visibility, our method effectively reconstructs well-lit
scenes without overexposing the brighter regions. Our
approach introduces several key components: SAR, SASR,
OCD-Net, BAFs, and a time-view-dependent intensity
decomposition. On synthetic data, L2DGS performs
the best. On L2DyV , we present qualitative results and
user studies, and show that our method outperforms all
competing methods. Notably, L2DGS operates without
requiring any form of supervision, such as well-lit ground
truth images, motion masks, or camera metadata.
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