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Abstract

Recent 4D reconstruction methods have yielded impressive
results but rely on sharp videos as supervision. However, mo-
tion blur often occurs in videos due to camera shake and ob-
ject movement, while existing methods render blurry results
when using such videos for reconstructing 4D models. Al-
though a few approaches attempted to address the problem,
they struggled to produce high-quality results, due to the in-
accuracy in estimating continuous dynamic representations
within the exposure time. Encouraged by recent works in
3D motion trajectory modeling using 3D Gaussian Splatting
(3DGS), we take 3DGS as the scene representation manner,
and propose Deblur4dDGS to obtain a high-quality 4D model
from blurry monocular video. Specifically, we transform con-
tinuous dynamic representations estimation within an expo-
sure time into the exposure time estimation. Moreover, we
introduce the exposure regularization term, multi-frame, and
multi-resolution consistency regularization term to avoid triv-
ial solutions. Furthermore, to better represent objects with
large motion, we suggest blur-aware variable canonical Gaus-
sians. Beyond novel-view synthesis, Deblur4DGS can be ap-
plied to improve blurry video from multiple perspectives, in-
cluding deblurring, frame interpolation, and video stabiliza-
tion. Extensive experiments in both synthetic and real-world
data on the above four tasks show that Deblur4DGS outper-
forms state-of-the-art 4D reconstruction methods.

Introduction

Substantial efforts have been made for 4D reconstruction,
which has extensive applications in augmented reality and
virtual reality. To model static scenes, Neural Radiance Field
(NeRF) (Mildenhall et al. 2021) and 3D Gaussian Splat-
ting (3DGS) (Kerbl, Kopanas, and et al. 2023) propose im-
plicit neural representation manner and explicit Gaussian el-
lipsoids one, respectively. To model dynamic objects, im-
plicit neural fields (Zhu, Liang, and et al. 2024; Yang et al.
2024b; Wu et al. 2024; Yan, Li, and Lee 2023) and ex-
plicit deformation (Duan et al. 2024b; Chu, Ke, and Fragki-
adaki 2024; Katsumata, Vo, and Nakayama 2024; Lin, Dai,
and et al. 2024; Li, Chen, and et al. 2024; Wang, Ye, and
et al. 2024) are suggested for motion representation. While
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achieving great progress, most methods rely on synchro-
nized multi-view videos. They yield unsatisfactory results
when applied to monocular video, where dynamic objects
are only observed once at each timestamp. To alleviate the
under-constrained nature of the problem, recent studies have
introduced data-driven priors, such as depth maps (Lee et al.
2023; Yang et al. 2024a), optical flows (Gao, Xu, and et al.
2024; Zhu, Liang, and et al. 2024), tracks (Seidenschwarz
and et al. 2024; Lei et al. 2024), and generative models (Wu
et al. 2025; Chu, Ke, and Fragkiadaki 2024; Zeng, Jiang, and
et al. 2025) for better 4D reconstruction.

Unfortunately, motion blur often arises due to camera
shake and object movement. When reconstructing the 4D
scene from the blurry video, the above methods usually ren-
der blurry results. The first step to solving this problem is
to deal with camera motion blur, which is relatively simple.
Some NeRF-based (Lee, Lee, and et al. 2023; Wang et al.
2023; Lee, Oh, and et al. 2023) and 3DGS-based (Zhao,
Wang, and Liu 2024; Chen and Liu 2024; Oh et al. 2024)
methods have suggested jointly optimizing 3D representa-
tion and camera poses within the exposure time by calcu-
lating the reconstruction loss between the synthetic blurry
images and the input blurry frames. In contrast, the object
motion blur is more challenging to address, as the solution
has to estimate continuous and sharp dynamic representa-
tions within the exposure time to simulate blurry frames.

In this work, we take 3DGS (Kerbl, Kopanas, and et al.
2023) as the scene representation manner to explore the
problem, driven by two main motivations. First, its suc-
cessful application in 4D reconstruction make this method
highly promising. Second, the explicit 3D motion model-
ing presents an opportunity to simplify the complex con-
tinuous dynamic representations estimation within the ex-
posure time into exposure time estimation, avoiding com-
plex extra motion modeling in DyBIuRF (Sun, Li, and et al.
2024; Bui and et al. 2023). Once the exposure time is esti-
mated, continuous dynamic representations can be obtained
by directly interpolating between representations at the near-
est integer timestamps. We note that the concurrent work
BARD-GS (Lu et al. 2025) adopts a similar strategy, but
they perform unsatisfactorily due to the under-constrained
optimization, especially for large object motion.

Specifically, we propose Deblur4DGS, a Gaussian Splat-
ting framework for 4D reconstruction from blurry monoc-



ular video. For the static scene, we jointly optimize the
camera poses at exposure start and end with static Gaus-
sians. For the dynamic objects, we optimize learnable ex-
posure time parameters and dynamic Gaussians of the in-
teger timestamps, simultaneously. Then continuous camera
poses and dynamic Gaussians within exposure time can be
obtained by interpolation, and they are used to render contin-
uous sharp frames to calculate the reconstruction loss. More-
over, to avoid trivial solutions, we introduce the exposure
regularization term, as well as the multi-frame and multi-
resolution consistency regularization terms. Furthermore,
existing 4D reconstruction methods generally select Gaus-
sians at a single timestamp as canonical Gaussians. How-
ever, it may produce results with missing details in scenes
with large motion, especially when processing blurry videos
with a low frame rate. To alleviate this issue, we suggest
variable canonical Gaussians as time progresses based on
the image blur level. Gaussians corresponding to the sharper
frame are selected as the canonical ones for better blur re-
moval, and each canonical Gaussian is only used for nearby
timestamps to reduce difficulty of modeling large motion.
Blurry videos suffer from not only motion blur, but
also low frame rates and scene shake generally. Beyond
novel-view synthesis, the optimized Deblur4dDGS can be
applied to address these problems, achieving deblurring,
frame interpolation, and video stabilization. We evaluate De-
blurdDGS from all four perspectives. Extensive experiments
on both synthetic and real-world data demonstrate that De-
blurdDGS outperforms state-of-the-art 4D reconstruction
methods quantitatively and qualitatively while maintaining
real-time rendering speed. Furthermore, Deblur4DGS has
competitive capabilities in comparison with task-specific
video processing models trained in a supervised manner.
The main contributions can be summarized as follows:

e We propose DeblurdDGS, a 4D Gaussian Splatting
framework specially designed to reconstruct a high-
quality 4D model from blurry monocular video.

We propose transforming dynamic representation esti-
mation into exposure time estimation, where a series of
regularizations are suggested to tackle under-constrained
optimization and blur-aware variable canonical Gaus-
sians is present to better represent dynamic objects.

Extensive experiments in synthetic and real-world data
show that Deblur4DGS outperforms state-of-the-art 4D
reconstruction methods on novel-view synthesis, deblur-
ring, frame interpolation, and video stabilization tasks.

Related Work
Image and Video Deblurring

Deep learning-based image (Ren et al. 2023; Li and et al.
2023; Wang et al. 2022; Zhang, Xu, and et al. 2022; Zhang
et al. 2024) and video (Zhong et al. 2023; Pan et al. 2023;
Zhong, Cao, and et al. 2023; Zhong, Gao, and et al. 2020;
Chan et al. 2022) deblurring methods have been widely
explored. Compared to image deblurring methods, video
ones leverage temporal clues between consecutive frames
for more effective restoration. DSTNet (Pan et al. 2023)
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develops a deep discriminative spatial and temporal net-
work. BasicVSR++ (Chan et al. 2022) improves feature fu-
sion with second-order feature propagation and flow-guided
alignment. BSSTNet (Zhang and et al. 2024) introduces a
blur map to sufficiently utilize the entire video, achieving
recent state-of-the-art. When reconstructing from a blurry
video, pre-processing it with the 2D deblurring method is
a straightforward manner. However, 2D deblurring methods
cannot perceive 3D structures and maintain scene geometric
consistency, leading to unsatisfactory scene reconstruction.

3D and 4D Reconstruction

To reconstruct 3D models, NeRF (Mildenhall et al. 2021)
and 3DGS (Kerbl, Kopanas, and et al. 2023) introduce im-
plicit neural representation manner and explicit Gaussian el-
lipsoids one respectively, where the latter generally achieves
better results. To reconstruct 4D models, most works (Som-
raj et al. 2024; Duan et al. 2024a; Lu et al. 2024; Lin, Dai,
and et al. 2024; Li, Chen, and et al. 2024; Sun, Jiao, and
et al. 2024; Wu et al. 2024; Yang et al. 2024b; Mihajlovic
et al. 2024; Wang and et al. 2025) incorporate implicit neu-
ral fields and explicit deformation for motion representation.
Moreover, to better reconstruct from monocular video, some
studies enhance 4D reconstruction with data-driven priors,
such as depth maps (Lee et al. 2023; Yang et al. 2024a), op-
tical flows (Gao, Xu, and et al. 2024; Wang and et al. 2025),
tracks (Wang, Ye, and et al. 2024; Seidenschwarz and et al.
2024), and generative models (Wu et al. 2025; Chu, Ke, and
Fragkiadaki 2024). For example, GFlow (Wang and et al.
2025) utilizes only 2D priors to lift a video to a 4D scene.
GaussianMarbles (Stearns, Harley, and et al. 2024) reduces
the degrees of freedom of each Gaussian.

Note that these methods heavily rely on high-quality
sharp videos for supervision and perform poorly when fac-
ing blurry inputs. To process camera motion in static areas,
recent works (Lee, Lee, and et al. 2023; Ma, Li, and et al.
2022; Wang et al. 2023; Lee, Oh, and et al. 2023; Lee et al.
2024a; Zhao, Wang, and Liu 2024; Peng et al. 2024; Lee
et al. 2024b; Chen and Liu 2024; Oh et al. 2024) suggest
jointly optimizing the scene representation and recovering
the camera poses within the exposure time. To process ob-
ject motion blur in dynamic scenes, DyBIuRF (Sun, Li, and
et al. 2024; Bui and et al. 2023) incorporates object motion
blur formation into dynamic model optimization but faces
challenges in producing high-quality images and achieving
real-time rendering. In this work, with 3DGS as the scene
representation manner, we develop Deblur4dDGS to recon-
struct a high-quality 4D model from a blurry video.

Preliminary
4D Gaussian Splatting

A 3D Gaussian (Kerbl, Kopanas, and et al. 2023) is param-
eterized by {x,r,s,0,c}, where x characterizes the center
position in the world space, rotation matrix r and scale ma-
trix s define the shape, « is opacity, and spherical harmonics
(SH) coefficients c represent the view-dependent color.

4D Gaussian Splatting (4DGS) usually process static and
dynamic regions separately. Static regions can be repre-
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Figure 1: (a) Training of Deblur4DGS. When processing ¢-th frame, we first discretize its exposure time into N timestamps.
Then, we estimate continuous camera poses {P; ;} ¥ | and dynamic Gaussians {D; ; } ; within exposure time. Next, we ren-
der each latent sharp image I, ; with the camera pose P ;, dynamic Gaussians Dy ; and static Gaussians S. Finally, {It,i}f\il are
averaged to obtain the synthetic blurry image B, which is used to calculate the reconstruction loss L. with the given blurry
frame B;. To regularize the under-constrained optimization, we introduce exposure regularization L., multi-frame consistency
regularization L, r. and multi-resolution consistency regularization L,,,.. (b) Rendering of Deblur4DGS. Deblur4DGS pro-
duces the sharp image with user-provided timestamp ¢ and camera pose P;.

sented by a set of 3D Gaussians, named S. For the dynamic
areas, 4DGS generally selects a timestamp (e.g., the first
timestamp) and represents the objects by canonical dynamic
Gaussians, i.e., C. Then, C is deformed to other timestamps
for motion representation. Denote by D, the dynamic Gaus-
sians at ¢-th timestamp, it can be written as,

D; = F(C,t;0x). ey

F is the deformation operation with parameters © . The
Gaussians for ¢-th timestamp is the union of S and Dj.

Collectively, 4DGS models a scene with static Gaussians
S, canonical dynamic Gaussians C, and a deformation op-
eration F. With the provided camera pose, the Gaussians at
t-th timestamp Dy can be projected into 2D spaces and ras-
terized to obtain the corresponding image.

Motion Blur Formation

Motion blur occurs due to camera shake and object move-
ment, which can be regarded as the integration of latent
sharp images (Nah and et al. 2017), i.e.,

B(u,v) = (b/ I; (u, v)dt. 2)
0
B € RIXWX3 jg the blurry image and I; is the latent sharp
one at t-th timestamp. (u, v) is pixel location, 7 is the camera
exposure time, and ¢ is a normalization factor. To approxi-
mate the integral operation, recent works (Zhao, Wang, and
Liu 2024; Sun, Li, and et al. 2024; Wang et al. 2023) divide
the exposure time into N timestamps and regard the blurry
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image as the average of N sharp images, i.e.,

1 N-1
B(u,v) ~ > Li(u,v). 3)
=0

In this work, we reconstruct 4D model from a blurry video
by integrating the blur formation into model optimization.

Proposed Method

Let {B;}Z; and {M;}~ ; denote a blurry video with T
timestamps and the corresponding masks indicating dy-
namic areas (extracted by SAM2 (Ravi et al. 2024)), respec-
tively. As shown in fig. 1(a), when processing ¢-th frame,
we first evenly divide its camera exposure time into N
timestamps. Then, we estimate continuous camera poses
{P;;}, and dynamic Gaussians {D;;}Y, to simulate
camera shake and object movement. Next, we render each
sharp image im- with the corresponding camera pose Py ;,
dynamic Gaussians D, ; and static Gaussians S. After that,
we average {I;;}| to obtain the synthetic blurry image

Bt, which is used to calculate the reconstruction loss L.
with the given blurry frame By, i.e.,

»Crec = (]- - 5)£1(Btht) + 5£ssim(]§t7 Bt) (4)

L1 and Lz, are £1 loss and SSIM (Wang et al. 2004)
loss, respectively. 3 is set to 0.2. The setting all follows
3DGS (Kerbl, Kopanas, and et al. 2023).



Continuous Camera Poses Estimation

To estimate continuous camera poses, recent methods (Zhao,
Wang, and Liu 2024; Peng et al. 2024; Chen and Liu 2024;
Oh et al. 2024) directly optimize exposure start and end
poses (i.e., P; 1 and Py ). Then, the linear interpolation
is performed between P; ; and P, x to obtain the camera
pose at ¢-th intermediate timestamp (i.e., Py ;),i.e.,

PN
P,

1—1

N -1

P,;=P;1 ©exp( ® Log( ))- Q)

exp and 1og are exponential and logarithmic functions, re-
spectively. © is a pixel-wise multiply operation.

We follow the manner but deploy a tiny MLP as the cam-
era motion predictor (see details in the Suppl) for more sta-

ble optimization. We pre-train it and static Gaussians S with
static reconstruction loss L7 ., i.e.,
Lo = (1= B)L1(B], BY) + BLosim (B, BY).  (6)

B; = (1 - M;) ©® B, and B{ = (1 — M) ® B; are the
static areas of B; and By, respectively.

Continuous Dynamic Gaussians Estimation

We first introduce blur-aware variable canonical Gaussians
for better dynamic representation at integer timestamps.
Then, we describe Gaussian deformation manner. Finally,
we detail how to take learnable exposure time parameters to
obtain continuous dynamic Gaussians within exposure time.
Blur-Aware Variable Canonical Gaussians. Existing 4D
reconstruction methods generally select a single canonical
Gaussians C across the entire video, which may produce re-
sults with missing details in scenes with large motion. To
alleviate the issue, we suggest varying the canonical Gaus-
sians as time progresses. In such case, the k-th canonical
Gaussians Cy, is only used for some nearby timestamps,
thus reducing the difficulty of motion modeling. One way to
achieve this is to uniformly divide the video into /K segments
and select Cy, for k-th segment. Although it improves perfor-
mance, selecting the one corresponding to the sharper frame
is better for blur removal. In particular, we first uniformly di-
vide the video into K segments and calculate the blur level
b; of dynamic areas for ¢-th frame following (Bansal, Raj,
and Choudhury 2016; Ren, Qian, and Chen 2020), i.e.,

b= Y (ABy(u,v) — ABy)%

(u,v)EM,

(N

M, indicates dynamic areas. AB; is the image Laplacian
and AB; is its mean value. The larger b, is, the sharper the
frame is. To make the start and end frame of the segment as
sharp as possible, we look for the sharp frame among their
surrounding H frames and redefine them as the start and end
of current segment. Finally, we select the Gaussians for the
sharpest frame in each segment as its canonical ones.

Gaussian Deformation. We deform dynamic Gaussians
with a set of rigid transformation matrices, following Shape-
of-Motion (Wang, Ye, and et al. 2024). Let {x., r,,s, 0, c},
{x¢,r¢,8,0,c}, and {A;, E;} denote a Gaussian in Cy, the
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ones in D;, and the corresponding transformation matrix,
respectively. It can be written as,

Xy = Atxc + Et, ry = Atrc.

®)

Interpolation with Exposure Time Parameters. To get
continuous dynamic Gaussians {D;;}¥ ;. one straightfor-
ward way is to deploy a series of learnable Gaussian or de-
formation parameters, but it is unstable to optimize. With the
explicit object motion representation in eq. (8), D, ; can be
calculated by interpolating between the ones at the nearest
integer timestamps, i.e.,

Dy =wi ©Dy1+ (1 —wy) @Dy, 1 € [1,N/2],

9
D = (1 —w¢) @Dy +we s ©@ Deyr, @ € [N/2,N]. ©)

wy; is the normalized time interval between D;; and
D, n/2. Thus, the problem is transformed to estimate wy ;.
In the implementation, we can estimate the one at exposure
start and end (i.e., w; ; and w; y) and then interpolate be-
tween them to get the ¢-th intermediate one w ;, i.e.,
1 1—1
Wi = (1= =) OWer + 53
As the object motion within the exposure can be regarded
as uniform, the absolute value of w; ; and w; y are equal,
which is half the exposure time w;. Thus, eq. (10) can be
re-written as,

O W N- (10)

N -1 2 N -1 27
Finally, we set learnable parameters w; for continuous dy-
namic Gaussians estimation within the exposure time. The
canonical Gaussians, Gaussian deformation modules, and
w; are jointly optimized. The reconstruction loss for dy-
namic areas is similar to eq. (6).

wy; = (1— o ( arn

Regularization Terms

After optimization with eq. (4), static areas of it,i are sharp
while dynamic areas can with notable artifacts. The rea-
sons are below. (1) Note that multiple solutions exist for
the model to fulfill eq. (4). The most ideal one is that ev-
ery it,i is sharp, and the most trivial one is that every it,i is
as blurry as B;. (2) As static areas are consistent across the
entire video, the model tends to learn the underlying sharp
representation for inter-frame consistency. In other words,
the inter-frame consistency implicitly regularizes model op-
timization. To further validate this, we conduct an experi-
ment that removes the inter-frame consistency by reducing
the number of frames to one. In such a case, the static areas
are blurry after optimization with eq. (4), which supports our
confirmation. (3) Compared to static areas, the inter-frame
consistency in dynamic ones is weaker due to object motion.
It may provide insufficient regularization to guide sharp rep-
resentation learning, thus leading to artifacts. To avoid this,
we introduce regularization terms L,..4, including exposure
regularization L., multi-frame consistency term L, s, and
multi-resolution consistency term L, .

First, the continuous dynamic Gaussians {D;;}Y ;
should not be the same. In other words, the value of expo-
sure time parameters w; should not be too small. If w; is



too small, D, ; is nearly the same as D, leading to trivial
solutions. We constrain w; by L., as,

Lo =max(0,¢ — wy). (12)

max is the maximum function and ¢ is a threshold.

Second, despite different motions, the content of multiple
frames within exposure time should be similar. We utilize
Ly pe to constrain consistency between neighbor frames,
and that between each frame and the first frame, i.e.,

N

. ) .
: Z(HMt,i CNITFIEVES )

Lofe = N_1
i=2

‘1 (13)
+ HMt’l ® (Trim — i“)Hl)'

it,i,lﬂi and imﬂl are obtained by aligning it,iq to it,i
and aligning it,i to it,l with a pre-trained optical flow net-
work (Sun et al. 2018), respectively. M, ; and M, ; are dy-
namic masks for it,i and itjl, respectively.

Third, the blur in the lower resolution is lower level and
is easier to remove (Kim, Lee, and Cho 2022; Tao, Gao, and
et al. 2018), thus the artifacts are less in models trained with
down-sampled blurry video. Taking this advantage, we im-
pose L. to assist the optimization of high-resolution mod-
els with results from low-resolution models,i.e.,

Linre = |(Mei)y © ((Rei)y — sg@)lh-
1

+; 1s the rendered sharp image from the low-resolution
model, which is pre-trained by taking the down-sampled
video as supervision. (-); is an image down-sampling op-
eration. sg is the stop-gradient operation.

Overall, regularization terms L., can be denoted as,

(14)

£7’69 =ALe + Amfcﬁmfc + AreLomre- (15)

Aes Am e, and A, are set to 0.1, 2, 1, respectively. Besides,
following Shape-of-Motion (Wang, Ye, and et al. 2024), we
also use some other regularization terms L, to help recon-
struct 3D motion better, and the details are in the Suppl.

Application to Multiple Tasks

The blurry videos suffer from not only motion blur, but
also low frame rates and scene shake generally. Beyond
novel-view synthesis, DeblurdDGS can adjust the camera
poses and timestamps to address these problems, achieving
video deblurring, frame interpolation, and video stabiliza-
tion. First, when inputting camera poses of the blurry video,
DeblurdDGS can render corresponding deblurring results.
Second, when feeding the interpolated camera poses and
timestamps, Deblur4dDGS can produce frame-interpolated
results. Third, Deblur4DGS can render a more stable video
with the smoothed camera poses as inputs.

Experiments
Experimental Settings

Training Details. For stable optimization, we pre-train the
camera motion predictor and static Gaussians S for 400
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Methods

PSNR1/SSIMT/LPIPS|  PSNR1/SSIM1/LPIPS|

288 x 512 720 x 1080
DeformableGS 15.73/0.623/0.382 15.55/0.667 /0.421
4DGaussians 21.98/0.801/0.197 21.69/0.831/0.264
E-D3DGS 23.09/0.830/0.175 22.46/0.844/0.258
Shape-of-Motion 26.06/0.910/0.144 25.81/0.897/0.246
SplineGS 26.05/0.901/0.158 24.92/0.883/0.252
DyBIuRF 26.04/0.916/0.090 25.71/0.908 /0.159
BARD-GS 26.91/0.923/0.077 26.34/0.909/0.139
Deblur4DGS (Ours) 27.66 / 0.935 / 0.060 27.16/0.927/0.123

Table 1: novel view synthesis results on synthetic videos.

Methods CLIPIQA{/MUSIQT  PSNR?/SSIM{/LPIPS.,

Redmi BARD-GS
DeformableGS 0.238 /25.903 15.63/0.781/0.361
4DGaussians 0.236/26.514 21.32/0.863/0.221
E-D3DGS 0.257/124.967 22.69/0.883/0.217
Shape-of-Motion 0.277/24.538 20.53/0.854/0.289
SplineGS 0.252/32.022 23.93/0.899/0.197
DyBIluRF 0.263 / 34.006 22.71/0.878/0.192
BARD-GS 0.288 / 35.505 22.69/0.874/0.177
Deblur4DGS (Ours) 0.356 / 36.756 23.10/0.879/0.161

Table 2: novel view synthesis results on real-world videos.

epochs. After that, we jointly optimize the camera mo-
tion predictor, S, canonical dynamic Gaussians {Cy}&_ |,
deformable operation F and exposure time parameters
{wy}1_, for 200 epochs. The learning rate for camera mo-
tion predictor is set to 5 x 10~ and decayed to 1 x 10~°. The
learning rate for {w;}7_, is setto 1 x 10~! and decayed to
1 x 1075, The learning rate for S, {C,}_ | and F follows
Shape-of-Motion (Wang, Ye, and et al. 2024). N issetto 11.
K and H are set to 5 and 3 respectively. € is set to 1.0. Ex-
periments are conducted with PyTorch (Paszke, Gross, and
et al. 2019) on one Nvidia GeForce RTX A6000 GPU.

Evaluation Configurations. The synthetic data contains
9 scenes with significant motion blur from Stereo Blur
Dataset (Zhou, Zhang, and et al. 2019), where each scene
contains blurry stereo videos and the corresponding sharp
ones. Note that DyBIuRF (Sun, Li, and et al. 2024) con-
ducts experiments on x2.5 down-sampled data. We evalu-
ate on both x2.5 down-sampled ones (i.e., 288 x 512) and
the original ones (i.e., 720 x 1080). For novel-view syn-
thesis and deblurring, the rendering results may be spatially
misaligned with ground truth due to the calibration error of
camera parameters. Thus, we first freeze the pre-trained 4D
model and optimize camera poses by minimizing the photo-
metric error between rendering results and ground truth, and
then calculate metrics (i.e., PSNR, SSIM and LPIPS (Zhang
et al. 2018)), following COLMAP-Free 3DGS (Fu, Liu, and
et al. 2024). As there is no ground truth for frame interpola-
tion and video stabilization, we employ recent no-reference
metrics, i.e., CLIPIQA (Wang, Chan, and Loy 2023) and
MUSIQ (Ke and et al. 2021). Besides, we evaluate on 6
real-world blurry videos (i.e., Redmi data) captured by a
Redmi K50 Ultra smartphone and 12 real-world ones (i.e.,
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Figure 2: Visual comparisons of novel-view synthesis on real-world videos. Our method produces more photo-realistic details
and less visual artifacts in both static and dynamic areas, as marked with yellow and red boxes respectively.

BARD-GS data) from BARD-GS (Lu et al. 2025), where
each one contains 24 frames. For novel-view synthesis, we
employ no-reference metrics (i.e., CLIPIQA and MUSIQ)
and full-reference metrics (i.e., PSNR, SSIM and LPIPS) for
the two data, respectively. For the other three tasks, we use
no-reference metrics due to no ground truth.

Comparison with State-of-the-Art Methods

We compare with 7 state-of-the-art methods (i.e., De-
formableGS (Yang et al. 2024b), 4DGaussians (Wu et al.
2024), E-D3DGS (Bae et al. 2024), Shape-of-Motion
(Wang, Ye, and et al. 2024), SplineGS (Park and et al. 2025),
DyBIuRF (Sun, Li, and et al. 2024) and BARD-GS (Lu et al.
2025)), where DyBluRF and BARD-GS are designed to re-
construct 4D models from blurry monocular videos based on
NeRF and 3DGS respectively.
Novel-view synthesis. table 1 and table 2 summarize the
results. First, methods (i.e., DyBIuRF and BARD-GS) that
perform 4D reconstruction and motion blur modeling jointly
yield overall better performance, especially in LPIPS score.
Although SplineGS gets better PSNR and SSIM scores in
BARD-GS data, it produces blurry outputs. It is consistent
with the finding in BARD-GS (Wang, Ye, and et al. 2024)
that PSNR can sometimes yield higher values even when
images appear blurrier. Second, benefiting the explicit 3D
representation manner, BARD-GS outperforms DyBIuRF,
being the most competitive method. Third, compared with
BARD-GS, our DeblurdDGS performs better due to the in-
troduction of a series of regularization terms to avoid triv-
ial solutions and blur-aware variable canonical Gaussians
to better represent dynamic objects. Visual results in fig. 2
shows that Deblur4DGS removes blur more clearly and pro-
duces less visual artifacts in both static and dynamic areas.
Per-scene results and more visual results are in the Suppl.
In addition, to further demonstrate the effectiveness of
Deblur4dDGS, we first pre-process the blurry videos with
state-of-the-art image (i.e., Restormer (Zamir et al. 2022)) or
video (DSTNet (Pan et al. 2023) and BSSTNet (Zhang and
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et al. 2024)) deblurring methods and then perform 4D recon-
struction. The results are summarized in the Suppl. Com-
pared with reconstruction from blurry videos, the incorpo-
ration of deblurring models improves performance. This is
because the deblurring models remove some blur, facilitat-
ing sharp scene reconstruction. However, as the deblurring
methods cannot perceive 3D structure and maintain scene
geometric consistency, the reconstruction results are still un-
satisfactory. In contrast, Deblur4DGS jointly reconstructs
scene geometry and processes motion blur in 3D space,
achieving better scene reconstruction results.

Deblurring. Apart from 4D reconstruction-based methods,
we compare with some state-of-the-art image and video de-
blurring ones. The results are in the Suppl. DeblurdDGS
obtains better results than 4D reconstruction-based meth-
ods and comparable ones to deblurring-specific ones. Com-
pared with the former, DeblurdDGS better reconstructs the
scene, thus performing better. Note that the latter ones are
trained on large paired data in supervised manner while De-
blurdDGS is optimized with the given blurry video in a self-
supervised manner. Although the data prior makes them per-
form better, Deblur4DGS is more convenient to use.

Frame Interpolation. We interpolate camera poses and
timestamps to generate x 16 frame interpolation results. We
compare with 4D reconstruction-based methods and some
video frame interpolation ones (i.e., RIFE (Huang, Zhang,
and et al. 2022), EMAVFI (Zhang, Zhu, and et al. 2023), and
VIDUE (Shang et al. 2023)). The results are in the Suppl.
VIDUE is trained with large paired data for joint deblurring
and fame interpolation, thus achieving better results.

Video Stabilization. We employ a Gaussian filter to smooth
camera poses for video stabilization, following (Peng, Ye,
and et al. 2024). The results are in the Suppl. DeblurdDGS
achieves pleasant scores compared with 2D video stabi-
lization methods (i.e., MeshFlow (Liu et al. 2016) and
NNDVS (Zhang et al. 2023)) and 4D reconstruction-based
ones, which benefits from better geometry reconstruction.
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Figure 3: Effect of continuous camera pose (ECP) and dy-
namic Gaussian (EDG) estimation.

Ablation Study

We conduct experiments to validate the effectiveness of each
strategy. As our strategies in Deblur4DGS are mainly de-
signed to process dynamic areas, we exclude the pixels of
static areas to calculate the metrics in dynamic ones.

Effect of ECP and EDG

ECP and EDG are introduced to process camera motion blur
and object motion blur, respectively. Quantitative results and
visual comparisons are shown in table 3 and fig. 3, respec-
tively. First, without ECP and EDG, the results are almost as
blurry as the input frame, as shown in fig. 3(b). Second, only
with ECP, the static areas are sharp but may lead to visual ar-
tifacts in dynamic areas, as shown in fig. 3(c). It is because
ECP cannot simulate the object movement. Third, we further
introduce EDG to simulate that, producing visually pleasant
results in both areas, as shown in fig. 3(d).

Effect of Regularization Terms

The effect of exposure regularization L., multi-frame con-
sistency term L,,s. and multi-resolution consistency term
L-c are in table 4. Visual results are in the Sec.D of
Suppl. Without these regularization terms, noticeable arti-
facts appear in dynamic regions, resulting in degraded per-
formance. By regularizing the object motion within the ex-
posure time distinguished, £. improves performance. Be-
sides, Ly re and Ly, additionally regularize multi-frame
and multi-resolution consistency respectively, helping to al-
leviate artifacts. Their combinations perform best.

Effect of BAV Canonical Gaussians.

The effect of blur-aware variable (BAV) Canonical Gaus-
sians are in table 5. First, selecting a single canonical Gaus-
sians across the entire video (i.e., None) leads to poor per-
formance, due to the challenge of modeling large object
motion. Second, selecting variable canonical Gaussians uni-
formly (i.e., w/o Blur-Aware) alleviates this, leading to per-
formance gain. We also experiment with an optical flow-
based strategy (Shaw, Nazarczuk, and et al. 2024) to select
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PSNR1/SSIM{/LPIPS] PSNR{/SSIM{/LPIPS]

ECP EDG 288 x 512 720 x 1080
% x_ 2210/0988/0.018  2234/0.988/0016
v x  2230/0989/0016  22.39/0.988/0015
v v 2236/0989/0015  22.63/0990/0.014

Table 3: Effect about the estimation of continuous camera
poses (ECP) and dynamic Gaussians (EDG).

PSNR1/SSIM1/LPIPS|  PSNR1/SSIM1/LPIPS|

Lo Lmge  Lmre 288 x 512 720 x 1080

X x % 2187/0987/0017  22.30/0.988/0.016
X v v/ 2230/0989/0015  22.56/0.989/0015
v x % 2201/0988/0.015  22.40/0.989/0.015
VY X 2216/0989/0.016  22.49/0.989/0.015
v x v 2222/0989/0015  22.54/0989/0014
v v v 2236/0989/0015  22.63/0.990/0.014

Table 4: Effetct of regularization terms (see eq. (15)).

PSNR1/SSIMT/LPIPS|  PSNR1/SSIM?1/LPIPS|
288 x 512 720 x 1080

22.13/0.988/0.017 22.30/0.988/0.016
22.29/0.989/0.016 22.57/0.989/0.015

22.36/0.989/0.015 22.63/0.990/0.014

Methods

None
w/o Blur-Aware

Ours

Table 5: Effect of blur-aware variable (BAV) canonical
Gaussians. ‘None’ denotes selecting a single one.

canonical Gaussians, performs similar to the uniform selec-
tion. This may be due to the inaccurate estimation of optical
flow from blurry images. Third, our blur-aware selection is
better, as the canonical Gaussians from the sharper frame
help blur removal. Visual results are in the Suppl.

Conclusions

In this work, we propose Deblur4DGS, a 4D Gaussian
Splatting framework to reconstruct a high-quality 4D model
from blurry monocular video. In particular, with the ex-
plicit motion trajectory modeling, we propose to transform
the challenging continuous dynamic representation estima-
tion within an exposure time into the exposure time estima-
tion, where a series of regularizations are suggested to tackle
the under-constrained optimization. Besides, a blur-aware
variable canonical Gaussians is present to represent objects
with large motion better. Beyond novel-view synthesis, De-
blur4dDGS can improve blurry video quality from multi-
ple perspectives, including deblurring, frame interpolation,
and video stabilization. Extensive results show Deblur4dDGS
outperforms state-of-the-art 4D reconstruction methods.
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