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ABSTRACT

In the field of scene reconstruction with moving objects, recent studies have uti-
lized 3D Gaussian Splatting (3DGS) for spatial representation. This method typ-
ically relies on camera poses and point clouds obtained through the Structure-
from-Motion (SfM) algorithm. However, in scenes captured with monocular view-
points and containing moving objects in each frame, the SfM algorithm struggles
to obtain accurate camera poses and points clouds. As a result, it often either
removes point clouds of dynamic objects or fails to find camera poses for each
frame, thereby leading to sub-optimal rendering of dynamic scenes. We propose a
novel approach, Initial-Free Monocular Dynamic Gaussian Splatting (IF-MoDGS)
which does not require precomputed camera poses and point clouds in dynamic
scenes with moving objects. Our approach estimates camera poses using the static
background, separated from dynamic objects by a motion mask, and generates
point clouds specifically for the dynamic objects. To handle dynamic objects, we
define a canonical space and apply deformation to link it with each viewpoint and
timestamp. Then, to improve quality in complex spatio-temporal scenes, we utilize
a high-dimensional feature loss and an annealing frequency loss. Extensive experi-
mental results demonstrate that our method can effectively render dynamic scenes
without relying on precomputed camera poses and point clouds, achieving the
state-of-the-art performance in dynamic scene rendering tasks using a monocular
camera. Our project will be available at:https://anonymous.4open.science/w/IF-
MODGS-67F5/

1 INTRODUCTION

3D scene reconstruction studies have been a significant topic in the field of computer vision. How-
ever, these tasks often face considerable limitations due to the need for extensive manpower, high
computational resources, and specialized equipment. As a result, various approaches have been ex-
plored to reconstruct 3D spaces using 2D image data obtained from cameras. Neural Radiance Field
(NeRF) (Mildenhall et al., 2021), significantly highlighted the importance of spatial representation.
It constructs a continuous volumetric scene function through a simple multi-layer perceptron to syn-
thesize new views of complex scenes, and it leads to numerous follow-up studies (Barron et al.,
2021; 2022; 2023). Nevertheless, its slow training and rendering speeds have restricted its practical
applications. Subsequently, the 3D Gaussian Splatting (3DGS) (Kerbl et al., 2023) was proposed to
reconstruct 2D space by optimizing the parameters of explicit 3D Gaussians and accumulating them.
This leads to a significant improvement in training and rendering speeds for 3D reconstruction tasks,
making it easier to restore high-quality 3D scenes.

Since most real-world captured sequences involve dynamic scenes, reconstructing these scenes re-
mains a significant challenge. While the reconstruction of static scenes is well-developed (Yu et al.,
2024; Lin et al., 2024; Huang et al., 2024a; Hamdi et al., 2024; Lu et al., 2024a), transitioning
to dynamic scene reconstruction presents numerous issues, such as the disappearance of dynamic
objects or overfitting to training views. In static scenes or those captured at a single time step, mod-
els can easily understand the scene because the objects maintain consistent shapes across different
viewpoints. However, in dynamic scenes, the shapes change with each time step, complicating the
model’s understanding of the overall scene. To address this, multi-view dynamic approaches (Wu
et al., 2024; Yang et al., 2024; Lu et al., 2024b; Li et al., 2024; Sun et al., 2024; Guo et al., 2024) cap-
ture synchronized data from multiple cameras, while monocular dynamic approaches (Liang et al.,
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Figure 1: Illustration of differences from existing methods. (a) 3D Gaussian-based methodology
for traditional dynamic scenes relying on SfM algorithm base initial. Since these methods are based
on the SfM algorithm, there is no point for dynamic objects, and camera poses are also required as
inputs. (b) Our method that works without initials.

2023; Shih et al., 2024; Huang et al., 2024b; Guo et al., 2024) reconstruct continuous scenes using
a single camera. Various efforts have been made to move beyond traditional static environments,
resulting in numerous studies showing high performance in reconstruction metrics. However, these
methods still rely on external programs to separately obtain camera parameters and the initial point
cloud. As illustrated in Figure 1(a), obtaining camera parameters and initial point clouds, which are
crucial priors in 3DGS, remains difficult in dynamic scenes.

As seen in Figure 1(a), most 3D reconstruction studies have utilized external programs based on
Structure from Motion (SfM) to estimate camera poses and obtain an initial point cloud before
proceeding with reconstruction. However, challenges arise when acquiring camera parameters from
image collections that include dynamic objects. SfM typically extracts keypoints from the images
during feature extraction, and then, adjusts the feature correspondences between images using the
epipolar geometry. It then estimates 3D coordinates through triangulation and minimizes errors using
the bundle adjustment and outlier filtering. While dynamic features can be ignored and only static
features are utilized during the outlier filtering process, which allows for the acquisition of camera
parameters, this approach leads to the inability to acquire point clouds for dynamic objects due to
the exclusion of unmatched dynamic points. If the dynamic region occupies a large portion of each
frame, the confusion can occur during the filtering process, making it difficult to obtain both camera
parameters and point cloud results. Unlike NeRF-based approaches, where the camera poses are
crucial, 3DGS based methods require both the camera poses and the initial point cloud as important
priors, thereby complicating the reconstruction of dynamic scenes.

To address these issues, we propose a new method called Initial-Free Monocular Dynamic Gaussian
Splatting (IF-MoDGS). It enables the simultaneous estimation of both camera position and initial
point cloud from dynamic scenes captured by single RGB camera, facilitating 3D reconstruction
even in dynamic environments. As seen in Figure 1(b), we utilize a motion mask to separate static
and dynamic regions and explicitly distinguish each region for training. The Static Initial Module
(SIM) estimates the 3D points corresponding to static regions and the camera poses. For dynamic
regions, the Dynamic Initial Module (DIM) estimates point clouds for dynamic objects using depth
floating and the Canonical Space Mapper (CSM). The floating points are transformed into canonical
coordinates through the CSM, resulting in a canonical form that has positions and shapes applicable
to the entire scene. Subsequently, the Dynamic Reconstruction Module (DRM) employs a defor-
mation network to refine the detailed shape and position according to each viewpoint and temporal
information. Through this approach, we can clearly distinguish the Gaussians representing static re-
gions from those representing dynamic objects. The separating loss enables us to optimize the Static
Reconstruction Module (SRM) and DRM independently. When integrating these distinct Gaussians
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Figure 2:Performance comparison with other dynamic scene rendering model.The perfor-
mance diagram present the mPSNR results for both static and dynamic regions, for the test view
rendering outputs of each model. It demonstrates that our model outperforms existing models in
both static and dynamic areas.

to form a uni�ed scene, we use a VGG loss at the high-dimensional feature level to ensure proper
alignment and an annealing frequency loss to effectively manage the complex spatio-temporal re-
construction of dynamic objects.

Our contributions are as follows:

• We propose a novel approach, IF-MoDGS, enabling the high-quality novel view rendering
for dynamic scenes captured by single RGB camera without requiring initial camera poses
and point clouds.

• We estimate 3D points for moving objects by reconstructing dynamic objects through the
canonical space, overcoming challenges faced by previous methods. To handle the canon-
ical space, we employ the CSM along with deformation to transform and align dynamic
objects across different time steps. Through this approach, we explicitly separate dynami-
cally changing objects in complex spatio-temporal scenes from the static regions, enabling
effective reconstruction of the dynamic areas.

• We optimize Gaussians for the static and dynamic regions separately by applying a mask-
based separating loss. This independent optimization of the SRM for static scenes and the
DRM for dynamic objects enhances the rendering quality of both components.

As a result, our method experimentally demonstrated the ability to reconstruct dynamic scenes using
only single RGB camera and achieved high performance in novel view synthesis, as illustrated in
Figure 2, for both dynamic and static regions.

2 RELATED WORKS

2.1 INITIAL -FREE 3D RECONSTRUCTION

NeRF (Mildenhall et al., 2021) generates a continuous volumetric scene function using an MLP,
focusing on novel view synthesis rather than explicit 3D reconstruction. However, its reliance on
MLP makes it prone to over�tting, sensitive to noise, and dif�cult to edit. Unlike NeRF-based meth-
ods (Mildenhall et al., 2021; Barron et al., 2021; 2022; 2023; Liu et al., 2020; Yu et al., 2021b;
Chen et al., 2022; Yu et al., 2021a), which need to compute large volumes of empty space, 3DGS
employed a more ef�cient computation, offering faster rendering times by reducing unnecessary
computations in empty space. Despite these advances, both methods still rely heavily on accurate
camera parameters and initial point clouds. Recent efforts to overcome these limitations include
NeRF-based methods like BARF (Lin et al., 2021a) and RoDyNRF (Liu et al., 2023), which esti-
mate camera poses and reconstruct scenes using only RGB images. BARF focuses on static scenes,
jointly optimizing both camera poses and an MLP by calculating optical �ow and using the Lucas-
Kanade algorithm to estimate the displacement vectors of pixel coordinates. RoDyNRF, on the other
hand, distinguishes between static and dynamic pixels, adjusting alignment of back-projected points.
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