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Abstract

3D street scene reconstruction is a challenging yet crucial task
for autonomous driving. Many reconstruction methods often
overlook two key limitations for high-quality driving scene
reconstruction, sensitivity to camera parameter noise from
high-speed vehicles and heavy reliance on precise dynamic
object annotations of datasets. To resolve these issues, we
propose DenoiseGS, a simple yet effective approach based
on explicit 3D Gaussian splatting. Specifically, we propose
a novel learnable Delta attribute per Gaussian primitive that
operates on the image plane during rasterization to mitigate
the impact of noisy camera parameters through modulating
the inputs of the a-blending process. To enhance the repre-
sentation of this Delta attribute, we propose a DeltaEstima-
tor that encodes viewing direction and contextual cues to fa-
cilitate view dependence. We also extend additional CUDA
operations to enable efficient gradient update for the delta at-
tribute. Furthermore, to overcome the limitation of inaccu-
rate annotations for dynamic objects, we propose a learnable
B-spline trajectory optimization with few control points to
model the trajectory of a moving object. Comprehensive ex-
periments conducted on nuScenes and Waymo Open Dataset
demonstrate that our DenoiseGS outperforms some state-of-
the-art methods across all metrics of both reconstruction qual-
ity and novel view synthesis.

Introduction

Autonomous driving has garnered increasing attention ow-
ing to its great potential for future development (Caesar et al.
2021; Hu et al. 2023). As a data-driven task, it requires di-
verse driving scene data to support downstream perception
tasks (Liu et al. 2022; Li et al. 2022). High-fidelity scene re-
construction offers an effective avenue for closed-loop eval-
uation, which enables the simulations of critical corner cases
to enhance the safety of end-to-end autonomous driving sys-
tems.

Over the past few years, Neural Radiance Fields (NeRF)
technology (Mildenhall et al. 2021), employing Multi-Layer
Perceptrons (MLPs) for implicit scene reconstruction and
novel view synthesis, has achieved remarkable success
(Yang et al. 2024a; Wu et al. 2023). Compared to NeRF-
based methods, 3D Gaussian Splatting (3DGS) (Kerbl et al.
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2023) can significantly improve rendering quality and speed
by modeling scenes with explicit Gaussian primitives in-
stead of implicit neural networks. Original 3DGS is pro-
ficient in modeling bounded static scenes, but encounters
difficulty in handling dynamic objects for dynamic driv-
ing scenes. This challenge is particularly serious when re-
constructing dynamic scenes from sparse views acquired by
high-velocity vehicles (Sun et al. 2020; Caesar et al. 2020).
To address this challenge, several notable methods have
been proposed to decompose autonomous driving scenes
into dynamic objects and a static background based on cali-
brated camera parameters and manually annotated bounding
boxes. Among them, DrivingGaussian (Zhou et al. 2024b)
utilizes a composite dynamic gaussian graph to model dy-
namic objects with explicit scene decomposition, HUGS
(Zhou et al. 2024a) proposes physical constraints to regu-
larize the pose of dynamic objects and introduces additional
semantic and optical flow supervision.

However, the above mentioned methods require precise
and static camera parameters. They often overlook the im-
pact of common sensor noise, such as camera shakeness
caused by car bumps or camera offset due to external en-
vironmental forces (Liu et al. 2023). Although Gaussian
primitives can adjust their centers via learnable attributes,
their projection onto the image plane during the rasteriza-
tion process still suffers from incorrect deviation due to per-
turbed camera parameters. Moreover, they may be hindered
by manual pose annotations of dynamic objects during the
training stage. This issue injects errors into the transfor-
mation of dynamic objects from the canonical space to the
world space for background composition, leading to signif-
icant degradation of reconstruction and editing performance
within dynamic driving scenes.

To address the aforementioned challenges, we propose
DenoiseGS, a novel Delta-based 3D Gaussian Splatting
framework with B-spline trajectory optimization to simulate
autonomous driving scenes. We utilize distinct strategies tai-
lored to the specific noise sources of the static background
and dynamic objects. To mitigate camera parameter pertur-
bation induced by high-speed vehicle motion, we propose
a novel learnable delta attribute D; € R2 for each Gaus-
sian primitive. Then it is coupled with a proposed DeltaEs-
timator to generate positional offsets D] € R? of the pro-
jected center on the image plane. They can enable effective
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Figure 1: (a). Illustration of the working mechanism of the
positional offsets D7 . (b). An annotated dynamic vehicle
trajectory of nuScenes dataset. We can observe that manual
annotations are often subject to errors.

compensation for noisy disturbances by adaptively modulat-
ing the a-blending process during the rasterization, as illus-
trated in Figure 1 (a). Specifically, the DeltaEstimator en-
codes viewing direction vector from the camera’s optical
center to the center of the Gaussian primitive. It also con-
tains the Gaussian primitive’s color information to establish
the implicit semantic consistency. Furthermore, to enable ef-
ficient gradient updates for delta attribute D; and D], we
extend additional CUDA operations for rasterization to fa-
cilitate both forward and backward propagation.

For reconstruction of dynamic objects of the driving
scene, noise mainly results from inaccurate manual anno-
tations. We can observe that annotated trajectories are of-
ten discontinuous and suffer from annotation errors, as il-
lustrated in Figure 1 (b). To overcome this difficulty, we
propose a learnable B-spline trajectory optimization strat-
egy to model the motion trajectories of dynamic objects. The
high flexibility of learnable B-spline curves enables vehicle
trajectory fitting with fewer control points, significantly mit-
igating the impact of annotation errors on dynamic object
reconstruction.

Our main contributions can be summarized as follows.

* We propose DenoiseGS, a framework designed to effec-
tively reduce noise in dynamic scene reconstruction and
enable high-fidelity reconstruction and novel view syn-
thesis.

* We introduce a novel learnable delta attribute and a ded-
icated DeltaEstimator to alleviate the impact of noisy
camera parameters by adaptively modulating the -
blending process.

* We propose a learnable B-spline trajectory optimization
strategy for moving dynamic objects, significantly miti-
gating manual annotation errors during training.

» Comprehensive experiments conducted on the nuScenes
and Waymo Open Dataset demonstrate that our De-
noiseGS outperforms previous methods in reconstructing
dynamic driving scenes and synthesizing novel views.
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Related Work
NeRF for Urban Scene Reconstruction

Reconstructing static or dynamic scenes is a crucial com-
puter vision task (Liu et al. 2024; Sun et al. 2024; Li et al.
2023). To accomplish that task, many methods have been
proposed. Neural Radiance Fields (NeRF) (Mildenhall et al.
2021) has garnered much attention in the field of neural ren-
dering, introducing Multi-Layer Perceptrons (MLPs) to re-
construct 3D environments and generate novel perspectives
from collections of 2D images and associated camera pose
data. Plenoxels (Fridovich-Keil et al. 2022) introduces the
concept of the panoptic voxel and proposes to store spherical
harmonics representations of the scene within a 3D sparse
grid. This representation (Fridovich-Keil et al. 2022) can be
optimized by calibrated images without any neural compo-
nents, and significantly improve the rendering speed. Guo
(Guo et al. 2024) proposes the integration of NeRF volumet-
ric rendering with point clouds and can effectively solve the
region missing problem of single views and mitigate the im-
pact of noise. EmerNeRF (Yang et al. 2024a) parametrizes a
flow field induced by dynamic scenes and utilizes this flow
field to aggregate multi-frame features and improve the ren-
dering accuracy of dynamic objects.

3D Gaussian Splatting for Driving Scenes

As a breakthrough technique, 3D Gaussian Splatting
(3DGS) (Kerbl et al. 2023) explicitly models static 3D
scenes using numerous 3D Gaussian ellipsoids, achieving
rapid reconstruction via CUDA parallel computing. Real-
time splat-based rasterization and the efficient optimization
of anisotropic 3D Gaussian ellipsoids are crucial for the high
performance of 3DGS. However, the original 3DGS is lim-
ited to static scenes. It has been further advanced to accom-
modate dynamic scenes. SplineGS (Yoon et al. 2025) uti-
lizes a new motion adaptive spline to model the deformation
of each dynamic 3D Gaussian. Nevertheless, these methods
are still inapplicable for autonomous driving scenarios, as
they are incapable of handling urban scenes with multiple
dynamic objects when the camera perspective continuously
changes.

Recently, several 3DGS-based methods have emerged to
deal with the complex task of reconstructing dynamic ur-
ban scenes. PVG (Chen et al. 2023) seamlessly integrates
both static and dynamic elements of a scene using a sin-
gle formula, capturing explicit motion attributes through pe-
riodic vibration Gaussian. HUGS (Zhou et al. 2024a) not
only utilizes 2D optical flow and semantic information to
guide the optimization of 3D Gaussian ellipsoids, but also
employs a unicycle model to simulate the motion of dy-
namic objects, thereby achieving remarkable performance
improvement. DrivingGaussian (Zhou et al. 2024b), Om-
niRe(Chen et al. 2024), StreetGaussian (Yan et al. 2024),
Recondreamer++ (Zhao et al. 2025) all decompose urban
scenes into static background and dynamic foreground. Fur-
thermore, they utilize LiDAR data for the initialization of
the background and foreground.

However, these methods rarely pay attention to the impact
of noise caused by camera parameters and manual annota-
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Figure 2: The overview of the proposed DenoiseGS. Left: DenoiseGS integrates a series of multi-modal data, including
multi-camera images and LiDAR point clouds. Middle: We decompose dynamic driving scenes into two components: dynamic
objects and the static background. The reconstructed multiple dynamic objects are optimized by learnable B-spline curves. The
static background is refined by the proposed delta attribute D; and DeltaEstimator. Then the static background and dynamic
objects are integrated with a sky model for composition and rasterization. Right: Our DenoiseGS achieves outstanding recon-

struction and scene simulation performance.

tion errors. To resolve those issue, our method proposes a
novel attribute D; of Gaussian primitive to model the posi-
tional offset D] on the image plane, which can effectively
reduce the impact of camera parameter noise. Besides, we
propose a learnable B-spline trajectory optimization to fit
the trajectories of moving objects, which can attenuate the
manual annotation errors.

Methodology
Preliminaries

3D Gaussian Splatting 3DGS (Kerbl et al. 2023) intro-
duces an explicit rendering method to represent 3D scenes
based on a set of 3D points. It achieves rapid and effi-
cient rendering through tile-based rasterization. Each 3D
Gaussian primitive is characterized by a set of attributes,
{1, 84, qi, ¢;, 0; }. Anisotropic 3D Gaussian is defined as

ey

where p; € R? is the mean position of Gaussian primitives
and X; € R3*3 is the covariance matrix. To simplify the
optimization, the covariance matrix 3J; is calculated from
learnable scaling s; € R3*! and rotation g; € R**! as

Gi(z) = e—%(m—ui)Tz;l(m_M)’

T T
3 =q;sis; q; .

@

The final color C of a pixel in the rendered image is com-
puted by a-blending based on the contributions of N over-
lapping Gaussian primitives,

N i—1
C:ZCiaiH(l—Oéj>, (3)
i=1 j=1

where c; € R3*(#+1)” is the color attribute of the i-th Gaus-
sian, and k is the predefined maximum order of spherical
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harmonic functions. «; is calculated with the corresponding
pixel coordinates #2¢ in the image domain and the 2D co-

variance matrix X294, as

Q; = OlG(AZ)
—oexp (a2 2T (57) (2 w2 ).
“)

where p124 is the mean of 2D Gaussian primitives projected
by p; in the image domain. The 2D covariance matrix 329;
is calculated as (Zwicker et al. 2001),

»2d, — gwe,wTJT, (5)

where J and W are the Jacobian matrices of affine approxi-
mation and viewing transformation, respectively.

The learnable attributes {u;, X;, ¢;, 0; } are optimized ac-
cording to the reconstruction loss between rendered and
ground-truth images and other effective losses.

(x

B-spline curves As a fundamental concept in computer
graphics, B-spline curves (Mortenson 1999) are widely ap-
plied in vehicle trajectory fitting (Berglund et al. 2009).
Given n + 1 control points {p;};_, and a series of curve

segments {t; }?i: 1, k-degree B-spline curve can be de-
fined as

p(t) = Bir(t)pi, (6)
i=0

where p(t) represents the position of the curve at a given

parameter ¢, and p; is the position of the ¢-th control point.

B, 1 (t) are the B-spline basis polynomial functions of de-

gree k and defined as

Bio(t) = {

1 ift; <t< tit1,
0 otherwise.

; (7
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For fitting typical vehicle trajectories, we opt for a cubic

B-spline, i.e., k = 3. We optimize learnable control points to

accurately model the trajectories of dynamic objects in the

real world. Given a specific timestamp ¢, we normalize it to

the interval [0, 1] to predict the moving object’s position in
the world coordinate system.

Delta-based Gaussian Splatting

In the real world, camera parameter noise is a frequent chal-
lenge, often stemming from vehicle vibrations on uneven
roads or camera shifts due to collisions. These inaccurate
parameters directly degrade the precise geometric corre-
spondence between explicit Gaussian primitives and image-
plane pixel coordinates. To address this challenge, we intro-
duce a learnable delta attribute D; per Gaussian primitive
to compensate for color deviation induced by noise. Never-
theless, maintaining constant D; for a same Gaussian prim-
itive across different frames after the training is physically
implausible. To resolve this issue, we propose the DeltaEsti-
mator, a module that encodes both current camera pose and
color features to generate a view-specific positional offset
D7 . Specifically, for each Gaussian primitive, we compute
the direction vector from its center p; to the current cam-
era’s optical center 7,,. This direction vector is normalized
Norm(-) and sinusoidally encoded PE(-) to effectively de-
couple view-dependent appearance variations, which can be
formulated as

va = PE (Norm (T, — pi)) - ©)

Moreover, it is critical that slight camera parameter noise
may not lead to an overly large offset from the projection
center, as this would compromise semantic consistency. In-
spired by this observation, we introduce color information
as an implicit prior to guide the learning of position offsets,

v = [PE (¢f) Dy, (10)
where ¢{ is a basic component of spherical harmonics and

[:,:] stands for the concatenation. Ultimately, for each Gaus-
sian primitive, we calculate a center offset D] on the image

dc ;
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Algorithm 1: Overview of CUDA operations for forward and
backward passes.

FORWARD PROCESS:
Input: Gaussian vy, := (g, ¢k, ok, D} ), camera
Output: The color of pixel C' .

p‘gv Egv Pk, N « Splatting(vka ﬂ—)
image

ui — pfp +Df
A, puf —py
a;f — okG(A;C)

. JU
C > kl_Il(l

BACKWARD PROCESS:
Input: Gaussian v, Loss L, camera 7
Output: The gradients of wy, ¢k, ok, DE

> Project 7 onto

> Updated center of
> Center-pixel distance
> Updated a-blending

—ap)ac > Updated color

k=1

oL oL N .

der < 307 j]:[l(l —a;)ay > The gradient of color
oL IL ’ . .
Jor dal G(4A,) > The gradient of opacity
oL , 0L . 9G  9A, : o
s < 9C  5 a7 O > The gradient of position
aL oL . _0G : .

oD7 < 9G oup I > The gradient of Delta attribute

plane with respect to its projection center. D] incorporates
the current camera’s position and the primitive’s inherent
color content as

’DZT = Gde ([’Ydagben ([’Yf’r}/d])})v (11)

where ¢4. and ¢.,, are MLPs. The detailed architecture of
DeltaEstimator is provided in Figure. 3.

Our method is significantly different from existing ap-
proaches like DeformGS(Yang et al. 2024b), which still
correct Gaussian primitive centers within the world coor-
dinate system. Instead, our proposed D] directly operates
within the pixel coordinate system during rasterization. It
modulates the contribution weights of different Gaussian
primitives in the a-blending process, which alleviates ren-
dering artifacts attributed to camera parameters noise, as
detailed in FORWARD PROCESS of Algorithm 1. As
a learnable attribute, D, necessitates effective supervision
and optimization. We extend additional CUDA operations
to adopt the gradient optimization strategy from the original
3DGS(Kerbl et al. 2023), enhancing the back-propagation
from D] to further optimize D;. The specifics of this pro-
cess are presented in BACKWARD PROCESS of Algo-
rithm 1.

B-spline Trajectory Optimization

A key limitation of current methods (Yan et al. 2024; Zhou
et al. 2024b), which are mainly built upon dynamic ob-
ject modeling, is their exclusive reliance on manually an-
notated bounding boxes throughout the entire training stage.
To overcome this limitation, we leverage learnable B-spline
curves to accurately fit and optimize dynamic object trajec-
tories, which facilitates high-fidelity reconstruction.



.. Image Reconstruction Novel View Synthesis
Dataset Methods Publication| pox et SOIMALPIPS, PSNR*1| PSNR1SSIM{LPIPS, PSNR*|
DeformGS (Yang et al. 2024b)| CVPR2024| 34.55 0.891 0.146 27.70 | 29.72 0.806 0.162 23.04
OmniRe (Chen et al. 2024) | ICLR2025| 3437 0.891 0.128 28.11 | 29.09 0.779 0.174 22.89
nuScenes]  PVG (Chenetal. 2023) | arXiv2023| 33.60 0.888 0.175 28.57 | 29.05 0.804 0.208 24.28
StreetGS (Yan et al. 2024) | ECCV2024| 34.08 0.889 0.114 27.87 | 30.62 0.841 0.144 2427
DenoiseGS (Ours) - 34.85 0.896 0.101 29.66 | 3228 0.866 0.121 26.86
DeformGS (Yang et al. 2024b)| CVPR2024| 3521 0.947 0.087 2553 | 31.46 0913 0.102 22.19
OmniRe (Chen et al. 2024) | ICLR2025| 3552 0.949 0078 30.57 | 31.94 0.909 0.091 26.98
Waymo |  PVG (Chenetal. 2023) | arXiv2023| 3475 0947 0097 31.53 | 3135 0907 0.118 25.49
StreetGS (Yan et al. 2024) | ECCV2024| 37.31 0.958 0.044 34.13 | 35.88 0.951 0.048 30.56
DenoiseGS (Ours) - 38.04 0.960 0.041 3490 | 3636 0.953 0.045 31.04

Table 1: Quantitative results of novel view synthesis on the Waymo dataset (Sun et al. 2020) and nuScenes dataset (Caesar et al.
2020).We highlight the best results in bold and the second-best results with underlining. The images resolution are 640 x 960
in Waymo dataset and 450 x 800 in nuScenes dataset. “PSNR*” denotes the PSNR of dynamic objects.

In order to model the trajectory of an object o, we utilize

a series of learnable control points {pJ,i =0,1,--- ,m} to
control the B-spline curve, which is defined as
((t,o) = Bin()p], (12)
i=0

where ¢ (t, o) represents the center of object o at normalized
timestamp ¢ € [0, 1] and B; ;(¢) is the B-spline basis poly-
nomial function of degree k. To enhance the efficiency of
optimization, we utilize the annotated trajectory in the world
coordinate system to initialize these control points. Further-
more, we adaptively assign the number of control points for
each object o, which is determined by the number of visible
frames of the camera, /N. The number of control points m is
given as

m = max <k + 1, min (N, VZJ + 1>> (13)

where u is a hyper-parameter that presents the interval of
frames.

Using only sparse control points, we achieve physically
consistent B-spline trajectories for dynamic objects. A key
advantage of B-spline trajectories is their inherent C*~!
continuity, which can effectively mitigate noise-induced dis-
continuity. Furthermore, the object’s center at any given
timestamp ¢ can be directly computed, eliminating the need
for naive interpolation based on the recorded timestamps, as
illustrated in Figure 4. We compute the object’s center in the
world coordinate system at any given time ¢ using the op-
timized B-spline trajectory. It is then utilized to transform
object Gaussian primitives in the object’s local coordinate
system into the background’s coordinate system, which is
essential for the subsequent composition and rendering of
foreground and background elements.

Loss Function
The final rendering result C' is calculated as

C=0Cq+ (1 — Og) Osky7 (14)

7055

B-spline Trajectory
Optimization

Record
timestamp

° 123
ecord w
timestamp Ego

tht1 Trajectory
@ Control Points
&3 Record Views
=]

Figure 4: The illustration of the optimized B-spline trajec-
tory of a dynamic object.

where C¢ is the rendering result of the static background
and dynamic objects, Cy, is the sky color calculated by a
learnable cubemap and Og is the rendered opacity mask.

We jointly optimize our scene representation using the
following loss function,

L :(1 - )\r)ﬁl + )\rﬁssim

15
+ Ay Loy + ML+ Ao Ls, (15)

where £1 and L, are the L1 and SSIM losses, respec-
tively, L, is a binary cross-entropy loss for sky region ob-
tained from Segformer (Xie et al. 2021) and the depth loss
L4 is supervised by sparse ground truth depth value pro-
jected from LiDAR points.

Delta Constraint Loss. For efficient convergence during
training, we introduce a constraint loss L5 to encourage
D; € R? to remain within an effective range, which can
be formulated as

N
1
Ls =y ;max (0,|Ds| - 6), (16)
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Our DenoiseGS outperforms other methods in terms of visual quality and dynamic object reconstruction.

where N is the number of total Gaussian primitives, |-|
represents the absolute function and J is set as a hyper-
parameter.

Experiments
Experimental Settings

Datasets. Our experiments are conducted on public
datasets, including nuScenes (Caesar et al. 2020) and
Waymo Open Dataset (Sun et al. 2020). For Waymo dataset,
we select eight sequences chosen by StreetGS (Yan et al.
2024) for a fair comparison. For a comprehensive evalua-
tion, we also pick four sequences from the nuScenes dataset.
All chosen sequences are dynamic scenes with the length
of approximately 100 frames. Since nuScenes only provides
2Hz annotations, we have to obtain the annotations and
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camera parameters of non-keyframe through interpolation,
introducing additional inaccuracy. To keep consistent with
StreetGS and OmniRe, every 4th image is used as the test
set, while the residual images constitute the training set. The
image resolutions are 640 x 960 (Waymo) and 450 x 800
(nuScenes).

Evaluation Metrics and Baselines. The reconstruction
and novel view synthesis performance is evaluated in
terms of PSNR, SSIM, and LPIPS. We also report the
PSNR for the dynamic objects (PSNR*). We compare our
method against several state-of-the-art Gaussian Splatting
approaches, including DeformGS (Yang et al. 2024b), Om-
niRe (Chen et al. 2024), PVG (Chen et al. 2023) and
StreetGS (Yan et al. 2024).



Settings PSNR?T SSIM?T LPIPS| PSNR**t
(i).wlo L 3170 0.855 0.128 26.46
(ii).w/o delta attribute  30.62  0.844 0.146  25.52
(>iii).w/o DeltaEstimator 30.60 0.840 0.136 24.73
(iv).w/o B-spline curve 31.64 0.854 0.135 25.93
DenoiseGS (Ours) 32.28 0.866 0.121 26.86

Table 2: Ablation study results for novel view synthesis on
the nuScenes dataset.

Implementation details We conduct all experiments on a
single NVIDIA RTX 4090D GPU for 30000 iterations. To
balance the the simplicity and efficiency, we employ cubic
B-spline curves. Learning rates for most parameters align
with 3DGS default settings. For regularization, we choose
Ar = 0.15, Mgy = 0.03, Ag = 0.002, = 1.0 and A\ = 1.0.

Comparisons with Some State-of-the-art Methods

Results on nuScenes. We present the quantitative results
of our method on the nuScenes dataset in Table 1. As the
nuScenes dataset provides annotations exclusively at 2Hz
intervals, interpolated bounding boxes and calibration pa-
rameters inherently contain noise and errors, which leads to
a significant rendering quality drop under other state-of-the-
art methods. In contrast, our DenoiseGS not only models an
adaptive projection offset to alleviate noisy camera param-
eters, but also employs B-spline curves to precisely fit dy-
namic object trajectories, which results in significant perfor-
mance improvement, particularly for novel view synthesis.
Specifically, in the novel view synthesis task, our approach
achieves the best performance with a 1.66dB improvement
in PSNR, a 0.025 increase in SSIM, and a 16.0% reduction
in LPIPS compared to the second best method. Especially,
our DenoiseGS achieves a significant 2.58dB gain in PSNR*
for dynamic object reconstruction, which mainly benefits
from our proposed B-spline trajectory optimization.

Qualitative comparisons with other methods are provided
in Figure 5. Notably, as DeformGS (Yang et al. 2024b) and
PVG (Chen et al. 2023) cannot inherently separate dynamic
objects from the static background, their dynamic regions
are derived from ground truth bounding boxes. Figure 5 re-
veals prominent reconstruction artifacts and distortions un-
der both methods, particularly for dynamic objects. Om-
niRe (Chen et al. 2024) and StreetGS (Yan et al. 2024) both
struggle to reconstruct dynamic elements with high clar-
ity and fine details. In contrast, our DenoiseGS consistently
achieves high-fidelity reconstruction, which accurately rep-
resents static elements (e.g., buildings, roads) and faithfully
reconstructs dynamic objects.

Results on Waymo. We also extend our experiments to
the Waymo Open Dataset and present the results and quali-
tative comparisons in Table 1 and Figure 5. Our DenoiseGS
also outperforms other state-of-the-art approaches in both
reconstruction and novel view synthesis across all evalu-
ated metrics. Specifically, in image reconstruction, our De-
noiseGS surpasses StreetGS by 9.1% LPIPS and 0.77 dB
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Figure 6: (a) Density map of D; of total Gaussian primitives
in nuScenes-mini “007” scene. (b) The optimized B-spline
trajectory with annotated centers of dynamic objects.

PSNR*. For novel view synthesis, we also achieve a 0.48
dB gain in both PSNR and PSNR*.

Ablations and Analysis

We conduct ablation studies to validate the effectiveness of
key components of our DenoiseGS. We report the novel
view synthesis metrics on nuScenes dataset in Table 2. We
can observe that (i) the delta constraint loss L is effective
because it constrains D; to remain within a valid range by
setting a maximum threshold to prevent excessive drift; (ii)
when we remove the delta attribute D;, the performance
drops significantly, which indicates that recomputing pixel
colors by offsetting the projection center to address camera
parameter noise is effective; (iii) the DeltaEstimator enhance
the representation of delta attribute D, by implicitly encod-
ing the current camera center and color information. (iv) the
B-spline trajectory optimization can provide a smooth con-
trol and correct inaccurate annotations of b-boxes, which
well improves the metrics, especially for dynamic objects.

We further visualize the spatial distribution of D; using
a density map in Figure 6(a), which indicates that subtle
delta attribute can provide a significant improvement. In Fig-
ure 6(b), we compare the optimized trajectory derived by a
learnable B-spline curve, against the original annotations.
The results demonstrate that our optimized trajectory ex-
hibits superior accuracy and smoothness.

Conclusion

This paper proposes DenoiseGS, an explicit Gaussian-based
method for high-quality driving scene reconstruction. By in-
troducing a novel learnable delta attribute, we model the pro-
jection center’s offset to modulate the a-blending process
and alleviate camera parameter noise. To enhance the delta
attribute’s representation, we then propose a DeltaEstima-
tor encoded with viewing direction and color information.
In addition, we extend CUDA operations to enable efficient
gradient updates for forward and backward propagation, fa-
cilitating the optimization process. Furthermore, we propose
a B-spline trajectory optimization strategy to accurately cap-
ture dynamic object motion, alleviating the reliance on inac-
curate manual annotations during training. Extensive experi-
ments demonstrate that our method achieves significant per-
formance improvement over some state-of-the-art methods
on both nuScenes dataset and Waymo Open Dataset.
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