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Abstract

In dynamic scenes, achieving accurate camera localiza-
tion and reconstructing a long-term consistent map contain-
ing only the static background are two major challenges
faced by Visual Simultaneous Localization and Mapping
(VSLAM). In current traditional dynamic VSLAM systems,
the methods used to handle dynamic objects are primarily
designed for localization; if applied to reconstruction, they
are prone to introducing motion artifacts. Meanwhile, mask
compensation strategies in NeRF- or 3DGS-based dynamic
VSLAM systems also face challenges, such as the inabil-
ity to completely eliminate dynamic object artifacts and low
real-time performance. To address these issues, we leverage
object detection to extract semantic information and pro-
pose a dynamic feature detection algorithm based on both
geometry and appearance. This algorithm accurately iden-
tifies known and unknown moving objects and determines
their actual motion states. To mitigate the issue of insuffi-
cient detection box coverage, we design a dynamic object
box correction algorithm based on clustering and Gaussian
mixture models to comprehensively identify moving object
regions. Furthermore, to overcome the limitations of sparse
features in texture-scarce environments, we introduce a fea-
ture densification strategy based on image texture com-
plexity, enhancing reconstruction quality while maintaining
real-time performance. Extensive experimental evaluations
demonstrate that our system achieves state-of-the-art local-
ization and reconstruction performance in dynamic scenes
and can run in real time on resource-constrained devices.

1. Introduction
VSLAM has been widely applied in fields such as mobile
robotics [8, 48] and augmented reality [2, 40]. Traditional
VSLAM systems [4, 9, 22, 31] primarily focus on geometric
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Figure 1. Overview. Baseline (Top): (a) Semantic segmenta-
tion mask; (b) Compensation mask; (c) Fused mask; (d) Limita-
tions of feature extraction; (e) Rendering results. Ours (Bottom):
(A) Object detection results; (B) Dynamic feature identification;
(C) Dynamic object box correction; (D) Feature densification; (E)
Rendering results.

mapping, utilizing point clouds and voxels for sparse recon-
struction. While these approaches provide relatively accu-
rate environmental representations, they exhibit limitations
in terms of visual quality and dense reconstruction. Re-
cently, NeRF [26] and 3DGS [18] have been integrated into
SLAM systems [11, 12, 25, 29, 36, 43, 45] to achieve higher
accuracy and continuity in map representation. However,
the geometric constraints that SLAM systems rely on are
fundamentally based on static assumptions. Consequently,
both traditional VSLAM and neural-rendering-based VS-
LAM [25] (i.e., NeRF- or 3DGS-based VSLAM) suffer
from significant degradation in localization accuracy and
mapping quality when applied to dynamic environments.

In dynamic scenes, VSLAM faces two major challenges:
mitigating the impact of dynamic elements on camera lo-
calization and constructing a long-term consistent map
containing only static elements. Several existing neural-
rendering-based VSLAM systems have proposed solutions
for dynamic scenes. A common approach is to use semantic
segmentation to extract Potential Moving Objects (PMOs,
determined by the semantic labels of detection results).
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To address under-segmentation in semantic segmentation
and the inability to recognize Unknown Moving Objects
(UMOs, moving objects that are not labeled in the training
dataset) (Fig. 1(a)), existing methods generate compensa-
tion masks using SAM [30], depth guidance [42], motion
detection [15, 41], or photometric residuals [20]. However,
these methods still suffer from the following limitations
(Fig. 1(b)): (1) The edges of the compensation masks are
inaccurate; (2) The methods may fail when object motion is
subtle or when the target shares similar depth, color, or tex-
ture features with the background; (3) The computational
cost of generating the masks is high. These limitations re-
sult in residual dynamic artifacts in the reconstructed map
(Fig. 1(c) and (e)) and hinder the real-time performance of
the system. We observe that object detection algorithms
can effectively overcome the edge segmentation accuracy
and real-time performance limitations of mask-based meth-
ods. However, applying object detection to dynamic ob-
ject handling still faces two major challenges (Fig. 1(A)):
(1) The inability to recognize UMOs; (2) The inability to
determine the true motion state of PMOs. In reconstruc-
tion, issue (1) introduces ghosting artifacts of UMOs; in lo-
calization, issue (1) causes interference from dynamic fea-
tures, while issue (2) leads to insufficient localization con-
straints due to the erroneous removal of static features. To
address these challenges, we leverage object detection al-
gorithms to identify PMOs while incorporating both geo-
metric and appearance constraints to detect dynamic fea-
tures (Fig. 1(B)). This enables the identification of dynamic
features belonging to UMOs and determines the actual mo-
tion state of PMOs. Our approach remains effective even in
scenarios where dynamic feature recognition lacks match-
ing associations between consecutive frames. Furthermore,
considering that semantic detection boxes and dynamically
identified regions sometimes fail to fully cover moving ob-
jects [14, 49], we propose a dynamic object box correction
algorithm based on clustering and Gaussian mixture mod-
els (GMM) (Fig. 1(C)). This algorithm effectively compen-
sates for the local coverage deficiency of detection boxes,
improving the completeness of moving object coverage.

The real-time performance of SLAM systems and their
deployability on resource-constrained devices are crucial
factors. For neural-rendering-based VSLAM, balancing re-
construction quality and real-time performance remains a
significant challenge. Frame-to-frame-based systems [11,
17, 25, 43] are limited in real-time performance and con-
sume excessive computational resources. Sparse feature-
based methods [12, 28, 34] perform well in terms of real-
time efficiency but struggle to maintain reconstruction qual-
ity. The main reason is that feature extraction is highly
dependent on image texture: in texture-rich regions, suf-
ficient and reasonable Gaussian features can be extracted
to support reconstruction; however, in low-visual-quality

or texture-deficient areas, especially under uneven light-
ing, uniform textures, or smooth surfaces, feature extraction
faces significant limitations, and in some regions, effective
feature points cannot be obtained at all (Fig. 1(d)), lead-
ing to poor reconstruction quality for certain environmental
details. To address these issues, we propose feature densi-
fication in texture-deficient regions based on image texture
complexity (Fig. 1(D)), effectively compensating for the in-
sufficiency of sparse features while balancing reconstruc-
tion quality and real-time performance (Fig. 1(E)).

In summary, we aim to propose a 3DGS-SLAM sys-
tem capable of accurate localization and long-term consis-
tent map reconstruction containing only static backgrounds
in dynamic scenes, while ensuring real-time operation on
resource-constrained devices (referred to as DyGS-SLAM).
Notably, the proposed method is designed to be plug-and-
play, making it easily integrable into any VSLAM approach
based on sparse feature points. The main contributions of
this work are as follows:
• Dynamic Feature Detection (DFD): Leveraging the ad-

vantages of geometric and appearance features, it effec-
tively identifies dynamic features belonging to UMOs and
determines the true motion state of PMOs.

• Dynamic Object Box Correction (DOBC): Based on clus-
tering and GMM, the approach refines bounding boxes
for more precise coverage of moving objects, working in
conjunction with the dynamic feature detection algorithm
to benefit both localization and reconstruction.

• Adaptive Feature Densification (AFD): Based on image
texture complexity, it reasonably supplements sparse fea-
ture points, ensuring both reconstruction quality and real-
time performance.

• Extensive evaluation demonstrates that our approach
achieves state-of-the-art localization and reconstruction
performance in dynamic scenes while enabling real-time
operation on low-performance portable devices.

2. Related Work
1) Traditional VSLAM for Dynamic Scenes: When se-
mantic information is not available as a prior, common ge-
ometric methods for identifying and handling dynamic fea-
tures primarily include epipolar constraints [1, 21], opti-
cal flow residuals [5, 19], and projection residuals [35, 50].
These methods are generally efficient in detecting and pro-
cessing dynamic elements; however, they are prone to errors
in dynamic feature identification, which limits their local-
ization accuracy. With the advancement of deep learning,
recent studies have integrated semantic and geometric con-
straints for dynamic feature identification and processing.
These approaches can be categorized into three main types:
(1) utilizing geometric constraints to further determine the
actual motion status of semantically prior moving objects
[39, 44, 46]; (2) leveraging geometric constraints to supple-
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ment the motion determination of UMOs [3, 14, 37]; (3)
using geometric constraints to assess whether features be-
longing to semantically prior moving objects are indeed in
motion [6, 13, 47]. These methods have achieved excellent
localization accuracy. However, these methods primarily
focus on localization tasks and generally do not consider
dense and stable reconstruction. The proposed geometric
methods become ineffective in the absence of inter-frame
feature matching constraints and lack sufficient attention to
the complete identification of moving regions, leading to
dynamic object artifacts when applied to reconstruction. In
contrast, our method robustly and accurately identifies dy-
namic object regions, while simultaneously contributing to
both visual localization and Gaussian reconstruction.

2) Neural-Rendering-Based VSLAM for Dynamic
Scenes: The high-precision reconstruction and efficient
rendering capabilities of NeRF [26] and 3DGS [18] have
driven the application of neural-rendering-based VSLAM
in dynamic scenes. Gassidy [38] integrates rendering loss
flow analysis to handle dynamic environments; however,
this method suffers from certain latency issues and fails
to completely eliminate the influence of dynamic objects,
which degrades localization accuracy and introduces re-
construction artifacts. GARAD-SLAM [24] removes dy-
namic points using conditional random fields. However, its
theoretical foundation is similar to traditional SLAM ap-
proaches that rely purely on geometric methods for dynamic
feature identification, making it prone to missing moving
or potentially moving objects. Additionally, many studies
introduce semantic segmentation to provide prior informa-
tion. For instance, DOARS [23] employs semantic segmen-
tation to extract masks of dynamic objects, but due to the
inherent under-segmentation problem in semantic segmen-
tation, a significant number of artifacts remain in the recon-
structed scene. To mitigate these limitations, various meth-
ods have been proposed to compensate for semantic seg-
mentation masks. DN-SLAM [30] combines optical flow
estimation and SAM for fine-grained segmentation; NID-
SLAM [42] proposes a depth-guided semantic mask en-
hancement method; RoDyn-SLAM [15] adopts a motion
mask generation approach to filter out invalid sampled rays;
DG-SLAM [41] introduces an adaptive motion mask gener-
ation strategy that integrates semantic priors; DGS-SLAM
[20] iteratively updates photometric residuals to generate
masks. However, the compensation masks generated by the
above methods still suffer from inaccurate edges, failure in
cases of subtle motion or similar features between the target
and background, and high computational overhead, result-
ing in residual dynamic object artifacts in the reconstructed
map and limiting the real-time performance of the system.
In contrast, we propose a dynamic feature detection method
and a dynamic object box correction algorithm that, com-
bined with semantic priors provided by object detection,

accurately identify dynamic regions. This approach effec-
tively overcomes the imprecise dynamic object region es-
timation and real-time performance limitations of existing
methods, enabling precise visual localization and Gaussian
reconstruction under high real-time conditions.

3. Method
Given a series of RGB-D frames {Ii, Di}Ni=1, where It ∈
R3 and Dt ∈ R, our method (Fig. 2) aims to accurately es-
timate camera poses {ξi}Ni=1, where ξt ∈ SE(3), under dy-
namic disturbances and reconstruct a long-term consistent
Gaussian map containing only the static background. First,
we apply a dynamic feature detection algorithm (DFD,
Sec. 3.1) that integrates geometric projection constraints,
depth consistency verification, and appearance similarity
detection. Then, we refine the bounding boxes of UMOs
and PMOs using a clustering and GMM-based correction
method (DOBC, Sec. 3.2) to achieve more accurate and
comprehensive coverage of moving objects. Finally, based
on the results of DFD and DOBC, we perform a two-stage
camera pose estimation (Sec. 3.3) and Gaussian mapping
with adaptive feature densification (AFD) based on image
texture complexity (Sec. 3.4).

3.1. Dynamic Feature Detection
In our method, object detection provides semantic priors,
while dynamic feature detection aims to determine the ac-
tual motion status of features. This enables the identifica-
tion of UMOs and the determination of the actual motion
state of PMOs. The proposed DFD algorithm is illustrated
in Fig. 2(C).

For a feature point pi that has a corresponding match in
the adjacent frame Fj , its motion is first determined using
the reprojection constraint:

Eproj(pi) = ∥pi→j − pj∥, (1)

where pi→j denotes the reprojected position of pi from the
current frame Fi to the adjacent frame Fj , and pj represents
the actual matched position of pi in Fj . If Eproj(pi) exceeds
a predefined threshold, the point is classified as a poten-
tial dynamic feature. When the number of dynamic points
exceeds a certain threshold relative to the number of fore-
ground points within the PMO’s bounding box, the PMO is
determined to be in an actual moving state.

For feature points pi without a corresponding match
in Fj , although they do not impact localization accuracy,
they are reconstructed into 3D points and integrated into
the Gaussian reconstruction. To determine whether such
points are dynamic, we leverage a combination of repro-
jection depth residuals and image patch similarity. This
approach integrates geometric and appearance information,
effectively mitigating the limitations of using a single con-
straint under specific conditions.
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Figure 2. DyGS-SLAM system architecture. The pipeline consists of: RGB-D data stream input (A), initial pose estimation (B), dynamic
feature detection (DFD) (C), dynamic object box correction (DOBC) (D), refined pose estimation and sparse 3D point generation (E), and
Gaussian reconstruction (F) with adaptive feature densification (AFD).

The reprojection depth residual RD(pi) is defined as:

RD(pi) = |Dj(pi→j)−Di(pi)|, (2)

where Di(pi) and Dj(pi→j) denote depth values of point
pi in Fi and its reprojected counterpart in Fj , respectively.

In frames Fi and Fj , image patches A and B are ex-
tracted centered at points pi and pi→j , respectively. The
cosine similarity between these patches is defined as:

Scos(A,B) =

∑
u,v A(u, v) ·B(u, v)√∑

u,v A(u, v)
2 ·
√∑

u,v B(u, v)2
, (3)

where A(u, v) and B(u, v) represent the intensity values of
pixel (u, v) in patches A and B, respectively.

The weighted scoring function Φ(pi) is constructed as:

Φ(pi) = α · RD(pi)

eth
+ β · (1− Scos(A,B)) , (4)

where α and β are weight parameters for geometric and ap-
pearance information, respectively, and eth is a normaliza-
tion factor for the depth residual. A scoring threshold Φth is
set to determine whether pi is dynamic.

3.2. Dynamic Object Box Correction

Object detection boxes and dynamic features (Sec. 3.1)
sometimes fail to fully cover moving objects. The primary
reasons include: (1) Object detection algorithms may miss
complex postures or detailed parts such as hands or feet
[49]; (2) Due to the influence of camera viewing angles
and the complexity of object motion, dynamic feature de-
tection methods may only identify part of an object’s fea-
tures as dynamic [14]. To address this issue, we propose a
dynamic object box correction method based on clustering
and GMM, as illustrated in Fig. 2(D).

First, we cluster dynamic features that are identified by
the motion detection algorithm but are not within the PMO
bounding boxes. We then construct the minimum bound-
ing box enclosing the clustered feature points. Next, to
determine whether points surrounding the box belong to
the object, we employ GMM to model the depth distribu-
tion of foreground points within the box. Specifically, for
PMO bounding boxes obtained via semantic recognition,
foreground points are clustered using DBSCAN. For boxes
of UMOs identified by the dynamic feature detection algo-
rithm, all dynamic features within the box are considered as
foreground points.

We assume that the depth values of foreground points,
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denoted as X = {x1, x2, . . . , xn}, follow a GMM, with the
probability density function p(x) defined as:

p(x) =

K∑
k=1

πk · N (x|µk, σ
2
k), (5)

where K is the number of Gaussian components, πk is the
weight of the k-th Gaussian component, and N (x|µk, σ

2
k)

represents the probability density function of the k-th Gaus-
sian component with mean µk and variance σ2

k.
We estimate the model parameters θ = {πk, µk, σ

2
k}Kk=1

using the Expectation-Maximization (EM) algorithm to
maximize the log-likelihood function:

L(θ) =

n∑
i=1

log

(
K∑

k=1

πk · N (xi|µk, σ
2
k)

)
. (6)

For a set of candidate points surrounding the detection
box, denoted as Y = {y1, y2, . . . , ym}, we input the depth
value yj of each candidate point into the trained GMM
model and compute its probability density p(yj):

p(yj) =

K∑
k=1

πk · N (yj |µk, σ
2
k). (7)

If p(yj) exceeds a predefined threshold T , the candidate
point yj is classified as belonging to the moving object.
Once all candidate points belonging to the moving object
are identified, the bounding box is refined accordingly.

3.3. Two-Stage Camera Pose Estimation
In the tracking thread, we adopt a two-stage coarse-to-fine
optimization strategy to achieve robust localization in dy-
namic environments. Specifically, we extract ORB feature
points from image frames and establish 2D-3D correspon-
dences through map point projection matching. To mitigate
dynamic disturbances, we employ a two-stage feature filter-
ing strategy during pose estimation.

In the first stage, the DBSCAN algorithm is used to ex-
tract foreground points within the bounding boxes of PMOs
and mark them as dynamic points, which are excluded dur-
ing pose estimation (Fig. 2(B)). In the second stage, lever-
aging the refined dynamic information obtained in the first
stage, we further optimize the pose. Specifically, fore-
ground points within the corrected bounding boxes of ac-
tually moving PMOs and UMOs are marked as dynamic,
and only static feature points are used for optimization.

We optimize the camera pose by minimizing the repro-
jection error through Bundle Adjustment (BA):

{R, t} = argmin
∑
i∈M

ψ
(
∥ui − π(RXi + t)∥2Σ

)
, (8)

where Σ is the scale-dependent covariance matrix of key-
points, π(·) represents the 3D-to-2D projection function,

ψ is the Huber loss function, and M denotes the final set
of selected static matching points. This method employs
Levenberg-Marquardt optimization, effectively improving
tracking accuracy and stability.

3.4. Gaussian Mapping and Adaptive Feature Den-
sification

After obtaining accurate dynamic object regions, precise
camera poses, and sparse 3D points, we perform Gaussian
mapping, as shown in Fig. 2(F). We adopt the Gaussian
mapping strategy from Photo-SLAM [12] and introduce a
masking matrix M when computing the photometric loss L
between the rendered image Ir and ground truth Igt to con-
strain the impact of dynamic object regions on optimization:

Lmasked = (1− λ)∥M ⊙ (Ir − Igt)∥1
+λ(1− SSIM(M ⊙ Ir,M ⊙ Igt)),

(9)

whereM is set to 0 in the regions of the corrected bounding
boxes of PMOs and UMOs, and 1 elsewhere, and ⊙ denotes
element-wise multiplication.

Feature extraction may fail or degrade in low-visual-
quality or texture-deficient scenes, limiting environmental
detail reconstruction. To address this, we introduce an adap-
tive feature densification method based on image texture
complexity during Gaussian mapping.

To identify texture details within image patches, we
design a metric combining gradient magnitude and local
variance to capture edge features and grayscale variations.
Given the gradient mean Ḡblock and local variance σ2

block, the
texture complexity Cblock of an image patch is defined as:

Cblock = wG · Ḡblock + wV · σ2
block, (10)

where Ḡblock measures edge intensity and is computed using
the Sobel operator:

Ḡblock =
1

N

∑
(x,y)∈block

√(
∂I

∂x

)2

+

(
∂I

∂y

)2

. (11)

A larger Ḡblock indicates richer edge information in the im-
age patch. The local variance σ2

block reflects the intensity
variation and is defined as:

σ2
block =

1

N

∑
(x,y)∈block

(
I(x, y)− Īblock

)2
, (12)

where Īblock is the mean intensity of the patch. Higher vari-
ance indicates richer texture details. The weights wG and
wV balance the contributions of gradient and variance.

Based on texture complexity, we design a nonlinear
adaptive sampling strategy that adjusts the number of sam-
pling points according to the complexity value:

n = nmax ·
(
1− e−β·Cblock

)
, (13)

9565



Figure 3. Feature Densification Results. Green and blue points
represent extracted ORB feature points, where green points have
matching correspondences in adjacent frames, while blue points
do not. Red points denote densified features based on image tex-
ture complexity. Only green points are used for pose estimation,
while all points contribute to Gaussian mapping.

where nmax is the maximum number of sampling points,
and β controls the impact of complexity on the number of
sampled points. Finally, we employ uniform random sam-
pling to ensure even distribution of sampled points, achiev-
ing comprehensive texture coverage, as illustrated in Fig. 3.

4. Experiments
In this section, we compare DyGS-SLAM with other state-
of-the-art (SOTA) SLAM systems on the TUM RGB-D
dataset [33] and the BONN RGB-D Dynamic dataset [27].
The evaluation metrics primarily include the quality of
Gaussian mapping and localization accuracy. Addition-
ally, we assess the generation of dynamic object bound-
ing boxes and conduct ablation studies to demonstrate the
contributions of each designed module. Finally, we eval-
uate the real-time performance and resource consumption
of our system to showcase its practical applicability. All
experiments are conducted on a laptop equipped with an i9-
12900H CPU, an RTX 3060 GPU (6GB VRAM), and 16GB
of system memory. Details on the experimental parameter
settings can be found in the appendix.

4.1. Evaluation of Dynamic Object Box Generation
We evaluate the performance of our dynamic object box
generation on the balloon2 and mv box2 sequences from
the BONN dataset. As shown in Fig. 4, these scenes con-
tain both PMOs and UMOs, such as cardboard boxes and
balloons. Experimental results demonstrate that our pro-
posed DFD (Sec. 3.1) effectively identifies dynamic fea-
tures, while DOBC (Sec. 3.2) ensures that the bounding
boxes accurately and comprehensively cover moving ob-
jects. This provides strong support for precise localization
and long-term consistent environmental reconstruction.

4.2. Evaluation of Reconstruction Performance
Due to the absence of ground truth images with dynamic ob-
jects removed, a quantitative comparison of rendering qual-
ity is not feasible. To demonstrate the reconstruction per-
formance of our system in dynamic scenes, we conduct a

(A) (B) (C) (D) (E)

Figure 4. Qualitative Results of Dynamic Object Box Generation.
(A) Semantic detection box; (B) Red points represent detected dy-
namic points (Sec. 3.1); (C) Dynamic points outside the boxes of
PMOs are clustered into different groups (colored in yellow, pink,
etc.); (D) Minimum boxes enclosing dynamic point clusters; (E)
Corrected boxes for PMOs and UMOs (Sec. 3.2).
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Figure 5. Visual Comparison of Rendered Images on TUM and
BONN Datasets.

qualitative evaluation of rendered images by comparing our
approach with other state-of-the-art methods using consis-
tent viewpoints. As shown in Fig. 5, even when compared
with the most advanced 3DGS-based dynamic SLAM sys-
tem, DG-SLAM [41], our method exhibits significant ad-
vantages in both geometric and texture details. In partic-
ular, our approach excels in image sharpness and artifact
suppression. This improvement is attributed to our care-
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fully designed DFD, DOBC, and AFC algorithms, which
enable precise and comprehensive dynamic object removal
while leveraging adaptive feature densification based on im-
age texture complexity. As a result, despite using sparse
points, our method achieves highly competitive Gaussian
reconstruction and rendering performance.

It is important to note that most related works have not
been open-sourced, and the test sequences used in their
evaluations vary, which limits direct experimental com-
parisons. Therefore, we make our best effort to compare
against approaches that use either the same test sequences
or have publicly available implementations. Additionally,
we compare our rendering results with Photo-SLAM [12]
on static scene datasets (TUM [33] and ICL-NUIM [10]),
where the experimental results further validate the effective-
ness of our proposed AFC. More experiments on mapping
and rendering performance can be found in the appendix.

4.3. Evaluation of Localization Performance
To comprehensively evaluate the tracking performance of
our method, we conducted a comparative analysis under
both highly dynamic and mildly dynamic scenarios. As
shown in Tabs. 1 and 2, in complex dynamic scenes, unlike
current dynamic SLAM systems based on NeRF or 3DGS
that predominantly focus on reconstruction performance,
our system demonstrates not only strong competitiveness in
reconstruction and rendering but also superior tracking per-
formance. In most sequences, the results are nearly optimal
or suboptimal, and the average localization accuracy across
the two datasets reaches the best level. This can be at-
tributed to our proposed DFD and DOBC algorithms, which
precisely identify the actually moving PMOs and UMOs, in
conjunction with a two-stage coarse-to-fine pose estimation
strategy that ensures stable and accurate tracking even in
complex environments.

4.4. Ablation Study
To evaluate the effectiveness of each proposed module, we
conduct an ablation study by removing the following com-
ponents: (1) w/o-DFD, (2) w/o-DOBC, and (3) w/o-AFD.
Tab. 3 presents the localization results of the ablation study,
while Fig. 6 illustrates the mapping results.
• w/o-DFD: The presence of some UMOs in the scene in-

troduces dynamic features, and the inability to determine
the true motion state of PMOs leads to the erroneous re-
moval of static features, which together result in a severe
decline in localization accuracy (Tab. 3). Furthermore,
the reconstructed scene exhibits noticeable ghosting arti-
facts from UMOs (Fig. 6(A)).

• w/o-DOBC: Since the bounding boxes of PMOs and
UMOs sometimes fail to fully cover moving objects, this
omission negatively impacts camera pose estimation ac-
curacy (Tab. 3). It also leads to insufficient removal of

Method w xyz w hs w static w rpy s xyz s hs Avg

ORB3 [4] 36.2 46.2 38.6 68.7 1.0 2.6 32.2
Dyna [3] 1.6 2.7 1.2 4.3 1.5 1.8 2.2
LC-CRF [7] 1.9 3.0 2.8 5.1 1.3 2.6 2.8
Crowd [32] 1.7 3.6 0.7 4.4 1.7 2.5 2.4
ReFusion [27] 9.8 10.6 1.9 11.2 3.4 4.7 6.9

ESLAM [16] 43.5 61.7 7.5 57.3 3.4 6.3 30.0
SplaTAM [17] 156.2 231.2 49.1 143.7 1.7 13.9 99.3
Photo [12] 29.2 42.1 9.2 48.9 1.1 1.9 22.1

Rodyn [15] 8.3 5.6 1.7 4.5 5.1 4.4 4.9
NID [42] 7.2 7.0 6.3 67.8 2.6 5.5 16.1
DN [30] 1.7 2.8 0.8 3.2 2.7 4.3 2.6
DOARS [23] 24.6 16.5 / 33.1 1.5 9.8 17.1
DGS [20] 4.1 5.5 0.6 / / 4.1 3.6
Gassidy [38] 3.5 3.7 0.6 / / 2.4 2.6
DG [41] 1.6 / 0.6 4.3 1.0 / 1.9

Ours 1.5 2.5 0.7 3.2 1.1 1.7 1.8

Table 1. RMSE of ATE Comparison [cm] on TUM RGB-D
Dataset with SOTA Algorithms. The best result is highlighted in
bold, and the second-best result is indicated by an underline. / in-
dicates that the method is not open-source and the corresponding
data is not provided in the paper. The methods compared include:
traditional VSLAM methods [3, 4, 7, 27, 32]; neural-rendering-
based static VSLAM systems [12, 16, 17]; neural-rendering-based
dynamic VSLAM systems [15, 20, 23, 30, 38, 41, 42].

Method ball ball2 box1 box2 crowd crowd2 ps tk ps tk2 Avg

ORB3 [4] 5.8 17.7 32.0 3.5 49.6 98.9 70.7 77.9 44.5
Dyna [3] 3.0 2.9 4.9 3.9 2.6 2.8 6.1 7.8 4.3
LC-CRF [7] 2.7 2.4 7.9 18.6 2.7 9.8 4.6 4.1 6.6
ReFusion [27] 17.6 25.3 7.7 17.8 4.9 6.1 28.9 46.5 19.4

ESLAM [16] 22.6 36.2 19.0 17.7 41.6 114.2 48.0 51.4 43.8
SplaTAM [17] 35.5 36.1 63.7 19.0 194.5 358.2 149.7 91.2 118.5
Photo [12] 7.2 16.2 37.3 4.4 71.5 68.2 57.8 99.1 45.2

Rodyn [15] 7.9 11.5 6.7 12.6 8.8 7.8 14.5 13.8 10.5
NID [42] 7.3 10.1 14.2 9.6 6.8 7.4 5.5 10.3 8.9
DN [30] 3.1 2.6 2.7 12.0 2.5 2.9 3.8 4.3 4.2
DGS [20] 2.9 6.0 / 8.8 / / 9.8 11.1 7.7
Gassidy [38] 2.6 7.6 / 5.4 / / 10.3 13.0 7.8
DG [41] 3.7 4.1 / 3.5 / / 4.5 6.9 4.5

Ours 2.9 2.6 2.1 3.1 1.9 2.8 4.3 4.9 3.1

Table 2. RMSE of ATE Comparison [cm] on BONN RGB-D
Dataset with SOTA Algorithms. The best result is highlighted in
bold, and the second-best result is indicated by an underline. / in-
dicates that the method is not open-source and the corresponding
data is not provided in the paper.

moving objects, resulting in residual artifacts in the re-
constructed scene (Fig. 6(B)).

• w/o-AFD: The limitations of feature extraction algo-
rithms in low-visual-quality or texture-deficient regions
result in suboptimal reconstruction quality for certain en-
vironmental details (Fig. 6(C)).
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Figure 6. Comparison of Rendered Images in Ablation Study.

Method ball ball2 mv box1 mv box2 s xyz s half Avg

w/o-DFD 3.9 3.7 4.3 4.7 1.5 2.2 3.4
w/o-DOBC 3.2 2.8 3.0 3.9 1.2 1.8 2.7
Ours 2.9 2.6 2.1 3.1 1.1 1.7 2.3

Table 3. Ablation Study on Localization Accuracy (RMSE of
ATE) [cm]. The best results are in bold.

4.5. Real-Time Performance Evaluation

The real-time performance of a SLAM system and its de-
ployability on resource-constrained devices are crucial in-
dicators of its reliability. As shown in Tab. 4, compared
to other systems whose real-time performance is severely
limited due to high computational overhead, our system not
only demonstrates significant advantages in both localiza-
tion and reconstruction performance but also achieves real-
time operation on a portable laptop, highlighting its strong
potential for practical applications. The speed advantage
of our approach primarily stems from: (1) Utilizing sparse
feature points for Gaussian reconstruction while incorporat-
ing a densification strategy to balance quality and efficiency.
(2) Optimizing dynamic object handling through DFD and

DOBC, which improves target detection efficiency and out-
performs semantic segmentation and compensation mask
generation methods.

Method Running GMU
System Configuration

FPS ↑ GB ↓ CPU GPU

Rodyn [15] 1.2 4 i7-13700K RTX 3090Ti
DGS [20] 1.6 / R7 3800XT TITAN RTX
DG [41] 1.5 9 / RTX 3090Ti
Ours 33.9 2.9 i9-12900H RTX 3060

Table 4. Comparison of Frame Rate and GPU Memory Usage
(GMU) with Related Systems. / indicates that the original paper
did not provide the corresponding information. Additionally, the
reported data exclude the time for semantic segmentation in DGS-
SLAM [20] and DG-SLAM [41], and the execution time of the
optical flow fusion module in Rodyn-SLAM [15].

5. Conclusion
Summary: This study proposes an innovative 3DGS-
SLAM system that achieves high-precision localization and
long-term consistent map reconstruction containing only
static backgrounds in dynamic scenes, while also being ca-
pable of real-time operation on resource-constrained de-
vices. By leveraging a dynamic feature identification algo-
rithm that integrates geometric and appearance information,
we accurately identify unknown moving objects and deter-
mine the actual motion states of potential moving objects.
Additionally, the proposed dynamic object box correction
algorithm, based on clustering and GMM, effectively en-
hances the completeness of moving object coverage. Fur-
thermore, to improve the adaptability of sparse feature ex-
traction, we design a feature densification strategy based
on texture complexity, which enhances reconstruction qual-
ity while maintaining real-time performance. Experimen-
tal results demonstrate that our system outperforms existing
methods in both localization and mapping under dynamic
scenarios and can run stably on low-performance portable
devices. This provides an efficient and reliable solution for
SLAM technology in dynamic environments.

Limitations: While this study offers new insights to the
research field and achieves compelling results, there are still
several inherent limitations: 1) If PMOs remain stationary
throughout the entire observation period, removing them
from the reconstruction may lead to noticeable reconstruc-
tion holes due to insufficient viewpoints for compensation.
However, if removal is based solely on the actual motion
state of PMOs, intermittently moving PMOs may leave ar-
tifacts in the generated map. 2) For non-PMOs, if they move
from one location to another, the system may mistakenly re-
construct them in both locations. In the future, we will work
towards addressing these limitations and further explore se-
mantic Gaussian reconstruction in dynamic scenes.
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