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RoSe-SLAM: Robust Semantic-Aware Gaussian Splatting SLAM from
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Abstract—In dynamic and unstructured environments, con-
ventional SLAM systems generally suffer from significant
accuracy degeneration due to their static assumptions. In this
work, we propose Robust Semantic-aware Gaussian Splatting
SLAM (RoSe-SLAM), to address the dynamic challenge by
a holistic semantic scene understanding from uncalibrated
monocular inputs, achieving accurate camera tracking and high-
quality geometry reconstruction. Unlike conventional semantic
SLAM using handcrafted semantic labels, our RoSe-SLAM
exploits the semantic feature from 2D foundation model to
enhance the dynamic tracking and mapping performance. By
distilling the rich semantic features to our Gaussian fields, our
method effectively identifies dynamic distractors and achieves
semantic-aware multi-view consistency, significantly enhancing
the geometric reconstruction and scene inpainting. Specifically,
we propose a spatial-temporal motion mask generation module,
enabling both long-term motion monitoring and short-term
transient dynamics capturing, achieving robust and effective
disentanglement of dynamic objects and static backgrounds.
During global bundle adjustment, we propose an occlusion-
aware keyframe selection mechanism to prioritize the occlusion
as metric to pick the keyframes, and a multi-view semantic
consistency module to improve the mapping quality in dynamic
environments. By combining geometric motion cues with seman-
tic priors, our system dynamically filters unreliable observations
and reconstructs accurate static scene geometry. Extensive
experiments conducted on benchmark datasets including dy-
namic TUM, Bonn and Wild-Mocap datasets, demonstrate that
our method achieves superior performance in both trajectory
estimation and static scene mapping, outperforming existing
dynamic RGB SLAM baselines in long-term dynamic indoor
environments.

I. INTRODUCTION

Visual Simultaneous Localization and Mapping (SLAM)
has been extensively investigated over decades and applied to
broad real-world applications such as robotics, autonomous
driving, and virtual/augmented reality [1]-[6]. However,
most of the approaches [7], [8] are highly dependent on the
scene rigidity assumption, leading to significant performance
degradation in dynamic scenes where objects move inde-
pendently. Such conditions frequently cause tracking failures
and chaotic mapping, limiting the applications in real-world
scenes. Consequently, advancing SLAM techniques for dy-
namic scenes remains a critical research challenge.
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Fig. 1. Our RoSe-SLAM addresses the dynamic reconstruction
challenge via holistic semantic scene understanding from uncalibrated
monocular inputs, effectively removing distractors and mitigating geometry
inconsistencies, achieving superior reconstruction performance.

Despite recent progress in neural SLAM, most systems
still degrade significantly in dynamic scenes with frequent
distractors such as pedestrians, moving objects, and oc-
clusions [9], [10]. This is largely due to the inherently
dynamic nature of real-world environments, which renders
the common assumption of static or distractor-free scenes
impractical. Moreover, removing dynamic objects from cap-
tured data often requires dense per-pixel annotations, which
are labor-intensive and difficult to scale to long sequences or
large scenes. This reliance on costly supervision remains a
key bottleneck for the practical deployment of SLAM in real-
world applications. Recently, several 3DGS-based SLAM
systems have been proposed to address this challenge [11],
[12], but they often rely heavily on depth input. In contrast,
our method operates solely on monocular RGB video, with-
out requiring camera intrinsics, poses, or depth, while achiev-
ing comparable accuracy and robustness. Recent work like
WildGS-SLAM [13] introduces monocular dynamic SLAM
using uncertainty modeling, but struggles with relative depth
from DBA [8], contributing to poor reconstruction quality.
We instead jointly optimize a semantic Gaussian field to
improve both scene robustness and completeness.

To enhance the accuracy of mapping process in dynamic
scenarios, we draw on human-like semantic intuition. Specif-
ically, objects observed from different viewpoints are intu-
itively associated with consistent semantic features, which
facilitates multi-view semantic consistency. Motivated by
this insight, we propose learning a semantic Gaussian field
tailored for dynamic environments by leveraging semantic
features extracted from powerful foundation models such
as [14], [15]. This strategy aligns well with recent ad-
vancements in semantic 3D Gaussian Splatting methods
[16]-[18], which enable tasks such as text-prompt-based
segmentation, scene editing and manipulation, and geometry
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refinement [19]. Within the context of dynamic SLAM,
semantic fields can be smoothly incorporated into motion-
consistent dynamic mask generation, enforcing multi-view
semantic consistency, and guiding occlusion inpainting. Fur-
thermore, the integration of semantic information not only
benefits robust SLAM performance in dynamic scenes but
also supports a range of downstream robotic applications,
including perception, autonomous navigation, and scene-
level understanding, thereby broadening the practical utility
of the system in real-world robotic applications.

In this paper, we present Robust Semantic-aware Gaussian
Splatting SLAM (RoSe-SLAM), to address the dynamic
environment challenges using only uncalibrated monocular
RGB input, achieving accurate camera tracking and high-
quality geometry reconstruction. Instead of using handcrafted
semantic labels, we propose a spatial-temporal motion
mask generation module to enable both long-term motion
tracking and short-term dynamics detection, achieving robust
and effective disentanglement of dynamic objects and static
backgrounds. During global bundle adjustment, we propose
an occlusion-aware keyframe selection mechanism that
considers occlusion as a prior metric to pick keyframes,
improving both rendering quality and scene completeness. To
mitigate the geometric inconsistency across multiple views,
we propose a multi-view semantic consistency module to
enhance the accuracy and robustness of camera pose esti-
mation and mapping. This semantic-aware multi-view con-
sistency strengthens geometric coherence in the absence of
reliable depth, while also mitigating occlusions and missing
geometry through semantic-guided occlusion supervision.

Our contributions are summarized as follows:

1) We present a dynamic dense SLAM system that
leverages semantic features for enhanced geometric
consistency from uncalibrated monocular RGB input.

2) A spatial-temporal motion mask generation module
is introduced to enable both long-term motion tracking
and short-term dynamics detection, achieving robust
and effective disentanglement of dynamic objects and
static backgrounds.

3) During global bundle adjustment, an occlusion-aware
keyframe selection mechanism is introduced to facil-
itate occlusion region inpainting. We further propose a
multi-view semantic consistency module to enhance
the accuracy and robustness of camera pose estimation
and mapping.

4) Extensive evalutions on challenging real-world dy-
namic datasets demonstrate the state-of-the-art perfor-
mance of our proposed dynamic RGB SLAM.

II. RELATED WORK

Visual SLAM. Visual dynamic SLAM methods fall into
two categories. The first relies on re-sampling and residual
optimization to remove outliers, as in ORB-SLAM?2 [20],
ORB-SLAM3 [21], and Refusion [22]. However, these ap-
proaches are limited to small-scale motions and struggle
with sustained, large dynamic changes. The second category
leverages priors like segmentation or object detection to

filter dynamic content. Though more adaptable, they often
suffer from domain gaps and prediction errors in real-world
deployment. End-to-end learning-based approaches such as
DROID-SLAM [8], DytanVO [23], and DeFlowSLAM [24]
improve motion estimation in dynamic scenes but require
large-scale training data and struggle to produce high-fidelity
static maps. We address the long-term dynamic problem
by modeling the scene with 3D Gaussian Splatting fused
semantics, which can robustly represent both static and
dynamic elements.

3DGS SLAM. NeRF-based SLAM methods [25] have
shown strong scene representation with low memory us-
age, e.g., iMAP [26], NICE-SLAM [27], and Point-SLAM
[28]. However, they assume static scenes and degrade with
dynamic content. Rodyn-SLAM [29] attempts to address
dynamics using optical flow and semantic priors, but its neu-
ral rendering frontend is computationally heavy and limits
pose accuracy. In contrast, 3D Gaussian Splatting (3D-GS)
[30] offers real-time, high-fidelity rendering by explicitly
modeling scenes as Gaussian ellipsoids. Some recent efforts
explore replacing implicit NeRFs with 3DGS in SLAM
pipelines, though most still assume static environments.
DG-SLAM [11] introduces 3DGS into dynamic SLAM but
depends on DROID-SLAM for pose and depth initialization.
Our method accepts monocular input and deal with long-term
dynamics, enhancing robustness and practicality.

Semantic 3DGS. Semantic understanding is essential for
SLAM applications in robotics and AR/VR. Earlier systems
like CodeSLAM [31], SLAM++ [32], and Kimera [1] inte-
grate semantics into sparse 3D geometry using voxels [33],
point clouds [34], or signed distance fields. These methods
often lack reconstruction fidelity, speed, and memory effi-
ciency. SGS-SLAM [35] introduces SAM-derived semantic
features into 3D Gaussians, but is still constrained to static
scenes. In contrast, our method targets dynamic environ-
ments, enabling robust semantic SLAM in the presence of
long-term moving people and objects.

III. METHOD

We propose RoSe-SLAM, a robust long-term dynamic
visual SLAM system with semantic 3D Gaussians, aiming
to achieve robust pose estimation and reconstruction under
the challenging dynamic scene.

A. Semantic 3D Gaussian Representation

Our goal is to establish a scene representation that ef-
fectively captures the high-fidelity appearance, geometry,
and semantics of the static region within the dynamic real-
world scenes. To this end,we filter out dynamic elements
and represent the static scene using a set of semantic 3D
Gaussians:
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Upon the projection of 3D Gaussians onto the image plane,
the color ¢ and depth d is rendered by sorting the Gaussians
in depth order and performing front-to-back «-blending
rendering as:
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Fig. 2. Overview of RoSe-SLAM. Given a sequence of RGB frames, we propose a robust semantic-aware Gaussian Splatting SLAM to jointly estimate
the semantic representation and camera poses, from uncalibrated monocular inputs. To address the dynamic challenge, a spatial-temporal motion mask
generation module is employed to achieve effective disentanglement of dynamic objects and static backgrounds. During global bundle adjustment, an
occlusion-aware keyframe selection module and multi-view semantic consistency module are introduced to improve the inpainting and geometry quality.
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where M is the number of sorted Gaussians overlapping
with the given pixel. The density «; is computed from the
2D covariance matrix Xop; and the opacity o; of the i-th
3D Gaussian by a; = 0; - exp (—70 (22D~ O’Z'), where
o; € R? is the offset between the pixel center and the i-th
projected 2D Gaussian center.

We propose multimodal properties of Gaussian primitives,
especially with semantics, to improve the multi-view geom-
etry of the incremental reconstruction in dynamic environ-
ments. Similar to color and depth rendering, the semantic
feature of a single pixel f dem can be rendered as,

M i—1
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However, SLAM systems generally process long se-

quence frames while semantic features typically have high-
dimensional channels. Directly rendering high-dimensional
features is impractical due to excessive time consumption
and storage cost. To catch up with high rendering speed and
comparative space cost, we render a low-dimensional feature
dsem first and a decoder is employed to obtain the high-
dimensional Dy, semantic feature of a single pixel f Dsem —
Decoder fd“"' . Our approach possesses the capability to
render semantic feature maps of varying dimensions by
using an auto-encoder. Specifically, we employ [14] semantic
features as supervision and follow [16] to train an auto-
encoder and decoder framework to obtain embedded se-
mantic features with low dimensionality as the initialization
of 3D Gaussians, and pass the rendered low-dimensional
features through the pre-trained decoder to extend to high-
dimensional features.

B. Coarse Initialization

Following [36], given RGB input, we obtain coarse depths,
camera poses, and intrinsics for each image. However, these
depths and camera parameters serve as a coarse initialization,
which is not as precise as the ground truth and consists
of noise. To enhance the monocular depth with both fine-
grained details and consistent scale, we prompt a metric
depth foundation model [37] with scale-consistent depths
and then obtain the fine and detailed depth as each frame’s
pseudo-depth D.

C. Spatial-Temporal Motion Mask

To filter out the movable objects in dynamic environments,
current methods either utilize optical flow accumulated on
several consecutive frames and Sampson distance threshold
[29] or employ depth-warping residuals [11] within a slid-
ing window to generate motion masks. However, there are
objects that cannot be detected by these approaches because
they are static in consecutive frames but movable for a long
time. For example, there is a chair that someone is moving
in the end but static in the middle of the input videos, so
that in the middle frames these approaches cannot mask the
objects. We propose a spatial-temporal adaptive motion mask
generation to produce movable object masks from long-term
and overlapped frames in a global perspective.

Warping methods based on local sliding windows focus on
the motion within a short time, while they neglect the long-
term motion. Specifically, we design a strategy to select the
keyframe candidates to be aligned with the current frame
to generate the motion masks not only in a local sliding
window but also for a long time. We select the keyframe
that has enough overlap and meanwhile keeps as long-time
as possible, following the equation as:

I =arg mIax)\ CO(I, L)+ (1= \) - AT (i,t), (4)
where O(-,-) represents the spatial overlap of two frames,

ATY(-,-) denotes the time interval between keyframe 4 and



current frame ¢. A is the balance parameter defining which
condition has a higher weight to select a keyframe. I; is the
current frame while I; is one of keyframes belong to the
keyframe set.

Pinsj = 7(K;j (Rji D(pi) K7 pho™ +133)) . (5)

where K; and K; denote the camera intrinsics of frame 7 and
frame j, Tj; = [Rj; | t;;] € SE(3) is the relative pose from
frame i to frame j, and 7([x,y, 2]") = [z/z, y/2z] T denotes
the perspective projection. D(p;) denotes the pseudo depth
of pixel p;. pt°™ = (u,v,1) is the homogeneous coordinate.

We utilize the optical flow and Sampson distance error
to produce the motion. To separate the ego-motion from
dynamic objects, we additionally estimate the fundamental
matrix F' with inliers sampled from the matching set S.
Given any matching points o;_,; within S, we utilize matrix
F' to compute the Sampson distance between corresponding
points and their epipolar lines. By setting a suitable threshold
e, we derive the warp mask corresponding to dynamic

objects as:
MEYM(p) = U dsamp(F, P, 0ie(p) = ewn],  (6)

where 1[-] is the indicator function, dsamp (F, p, p’) measures
the Sampson distance of the correspondence (p,p’) and ey,
is the inlier threshold. M&°P*(p) = 1 indicates that p
violates the epipolar constraint of the static background and
is regarded as dynamic. The final motion mask M, is defined
as:

My = MER! U M, U ME, (7

11—t

where ¢ denotes the keyframe selected by Eq. (4), J is
the set of frames within the local sliding window, M}}’Cj}t
is computed following Eq. (6) for each frame j € 7, and
M;® is the segmentation-based motion mask.

D. Bundle Adjustment

1) Occlusion-aware Keyframe Selection: In conventional
visual SLAM systems utilizing a sliding window keyframe
buffer, a single keyframe is typically selected at random
for mapping supervision. However, in dynamic environments
with distractors, this strategy can lead to insufficient su-
pervision of occluded regions, as such areas may not be
consistently observed across randomly chosen keyframes,
resulting in suboptimal optimization of regions that are
frequently occluded or only partially visible. To solve this,
increasing the probability of selecting keyframes where the
occluded regions are clearly observed allows the system
to better supervise and refine these areas from the current
viewpoint. We propose a strategy to increase the possibility
of the occluded areas being chosen. Specifically, we warp the
masked areas in the current frame to each frame in keyframe
buffer by using accordingly estimated camera parameters
and depths, and the bigger area proportion of occlusion in
each frame represents the larger possibility to be selected.
We adopt a novel occlusion buffer to save the observed
regions of occluded images. If the key frames in which the

occluded region is visible are more likely to be selected, the
occluded area can be more effectively optimized from the
current viewpoint, thereby improving the overall inpainting
performance.

Loce = |[(fon =) © (1= M) © Mt . ®

where k denotes the selected keyframe, I; () warps
an image from frame ¢ to the viewpoint of keyframe &k by
applying Eq. (5), M}, is the motion mask defined in Eq. (7),
M, is the current motion mask warped into keyframe k,
® denotes the element-wise product.

2) Semantic-aware Multiple-view Consistency: As ad-
vanced semantic foundation models [14], [15], [38] have
developed, recent approaches [17] incorporate semantic fea-
tures with 3DGS to enrich properties of scenes, which is ben-
eficial for surface reconstruction [19] and downstream tasks
such as editing and manipulation. However, occlusions and
perspective changes introduce inconsistencies, causing the
same pixel to be assigned different semantic interpretations
across various viewpoints. To address these challenges, we
utilize pixel embeddings that are both object-distinguishable
and view-consistent.

Using view-consistent semantics, we can enhance mapping
performance since adjacent pixels within the same semantic
category generally show small spatial distance variations.
Intuitively, this property enables the identification of noise
points and artifact floaters in 3D Gaussians. Another in-
spiration is that the same object in various images should
maintain the same semantic features. Therefore, we warp
the rendered semantic features ft in image [; into previous
frames I;_; by using the estimated camera transformation
T, and the distance between warped semantics ft_>t_1 and
the rendered semantics ft—l should be as small as possible
in feature space,

-
Lo = ,71.2: H (ft%tfl — ftfl) Ol —=Misi-1)0O bel—11||1 ,
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where M = 1 {Zﬁil ap H:;L_:ll(l — Q) > Tsﬂ(l is the
silhouette mask indicating pixels with sufficient Gaussian
coverage.

E. Semantic-aware SLAM System

Transient objects such as cars outdoors and books and
chairs indoors commonly appear in daily life, while tradi-
tional multi-view geometry methods rely on static scenes to
recover 3D structures. Therefore, conventional SLAM faces
challenges in dynamic environments with distractors and
humans. We propose employing high-level semantic features
to enhance multi-view geometry consistency and improve the
occluded background in-painting. The tracking and mapping
processes are optimized in an interleaved manner.



1) Mapping Process: During mapping, the scene map is
initialized from the first frame, and progressively adds new
Gaussians in the newly observed areas and low-silhouette
regions in the next frame, which accelerates the optimization
process and meanwhile reduces the number of Gaussians,
leading to time and storage efficiency. The scene is mod-
eled using 3D Gaussians across three distinct channels: (1)
3D Gaussians coordinates depict the scene’s geometry; (2)
sphereical coefficients represent the visual appearance of the
scene; (3) semantic features indicate the implicit category
features and benefit robotic perception. These parameters
are jointly optimized during the mapping process and while
in the tracking process Gaussian parameters remain fixed.
Overall mapping loss is summarized as,

T
L"color = %Z H (ét - Ct) ®© (1 - Mt)H2 +)\ssim (1 — SSIM) 5
t

(10)

N
Leem = =30 ||(fi = £) 0 (1= M) an
t

-
Laepth = %Z [|(De = Di) © (1= M)y@Wr||,, (12
t

Emapping = AcLeolor + )‘dcdepth + AsLsem
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where D; is the rendered depth map, D is the pseudo-depth,
and W, is the per-pixel confidence weight of the pseudo-
depth.

2) Tracking Process: During tracking, we aim to fix
the Gaussian parameters and optimize camera poses only.
Following coarse-to-fine relative pose estimation, the current
frame pose is iteratively refined by minimizing the tracking
loss between the ground truth color, depth images and
semantic maps and their differentially rendered views.

Etracking = ()\C»Ccolor + )\dﬁdepth + )\s»csem) : Msil' (14)

IV. EXPERIMENTS

Datasets. Our methodology is evaluated using publicly avail-
able challenging datasets: the TUM RGB-D dataset [39],
the Bonn RGB-D Dynamic dataset [22] and Wild-Mocap
dataset [13]. These datasets encompass highly dynamic envi-
ronments, including movable humans and objects, enabling
a comprehensive evaluation of our approach under diverse
conditions. This selection highlights the effectiveness and
robustness of our method in real-world indoor scenarios.

Metrics. For the evaluation of pose estimation, we employ
the Root Mean Square Error (RMSE) of the Absolute Tra-
jectory Error (ATE) [39]. To ensure a consistent basis for
comparison, the estimated trajectory is first aligned with the
ground truth trajectory using Horn’s Procrustes method [40].
Additionally, to assess the reconstruction quality of static
maps in dynamic environments, we adopt three key metrics:
(i) Accuracy (cm), (ii) Completion (cm), and (iii) Completion
Ratio (the percentage of points within a 5 cm threshold),
following the evaluation protocol of [27]. We first cull the
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Fig. 3. Qualitative comparison of rendered images and depths on TUM
dataset [39]. Both the geometry and photometric results demonstrate the
effectiveness of our method to deal with dynamic objects.

ground truth point cloud using training camera frastums, and
then randomly sample 200,000 points using farthest sampling
strategy from ground truth point cloud and the reconstructed
mesh surface since the Bonn dataset offers only the ground
truth point cloud.

Implementation details. We evaluate the performance of
our method on an RTX 4090 GPU. We leverage [14] for
prior semantic segmentation. For optical flow warp masking,
we define a window size of 4 and a depth threshold of
0.6. Additionally, keyframes are selected following [8]. We
also employ [36] to produce coarse point clouds and camera
parameters and utilize [37] to produce finer depth priors.

A. Evaluation of mapping performance

To more comprehensively assess the mapping performance
of our method in dynamic scenes, we conduct both qualita-
tive and quantitative evaluations of the reconstruction results.
As dynamic scene datasets rarely offer static ground-truth
meshes or point clouds, we adopt the Bonn dataset for our
quantitative analysis. Our method is compared against state-
of-the-art GS-based RGB and RGBD SLAM methods. As
reported in Table I, our method significantly outperforms
contemporary approaches across multiple metrics, including
accuracy, completeness and completion ratio, achieving state-
of-the-art performance. Furthermore, the reconstructed static
maps exhibit high visual fidelity, as illustrated in Figure 5,
further indicating that our method generates more accurate
static reconstructions than prevailing SLAM systems.

B. Evaluation of tracking performance

To effectively showcase the tracking performance of our
RoSe-SLAM method, we conduct comparative analyses
within highly dynamic, slightly dynamic and static environ-
ments. The comparison methods encompass classical SLAM
systems such as ORB-SLAM3 [21], ReFusion [22], Co-
fusion [53], MID-fusion [54], EM-fusion [55], and widely
recognized NeRF-based SLAM methods such as iMAP
[26], NICE-SLAM [27], Vox-Fusion [43], Co-SLAM [41],
ESLAM [42]. We also incorporate a comparison with the
newly proposed dynamic RGB-D SLAM systems, including
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Fig. 4. Qualitative comparison of rendered images and depths on
Bonn dataset [22]. Our Rose-SLAM is capable of removing distractors
and occlusions, rendering high quality images without blurry artifacts.

TABLE I
RECONSTRUCTION RESULTS ON SEVERAL DYNAMIC SCENE SEQUENCES
IN THE BONN DATASET. INSTANCES OF TRACKING FAILURES ARE
DENOTED BY “X”.

Method
RGB-D

Dynamic Metric ball ball2 ps_trk ps_trk2 mv_box2 Avg.

Acc. [em] | X 2430 43.11 7492 17.56 39.97
Comp. [em] | X 16.65 117.95 17220 19.81 81.25
Comp. Ratio [%] T X 29.68 1589 1396 32.18 2293

NICE-SLAM [27]  Static

Acc. [em] | 10.61 14.49 26.46 26.00 12.73 18.06
CO-SLAM [41] Static  Comp. [cm] | 10.65 40.23 124.86 118.35 10.22 60.86
Comp. Ratio [%] T 34.10 3.21 2.05 290 39.10 16.27
Acc. [em] | 17.17 26.82 59.18 89.22 12.32 40.94
ESLAM [42] Static ~ Comp. [cm] | 9.11 13.58 145.78 186.65 10.03 73.03

Comp. Ratio [%] T 47.44 47.94 20.53 17.33 4141 3493

Acc.[em] | 10.60 13.36 10.21 13.77 11.34 11.86
Dynamic Comp.[cm] | 715 7.87 2770 19.87 6.86 13.71
Comp. Rat[%] T 47.58 40.91 34.13 32.59 4537 40.12

Acc. [em] | 7.00 5.80 9.14 11.78 6.56 8.06
Dynamic Comp. [cm] | 9.80 8.05 17.99 20.10 7.61 1546
Comp. Ratio [%] 1 49.46 52.41 34.62 32.81 49.02 43.67

Rodyn-SLAM [29]

DG-SLAM [11]

Monocular
Acc. [em] | 29.82 22.57 1898 2576 13.48 22.12
WildGS-SLAM [13] Dynamic Comp. [cm] | 36.04 23.02 30.13 40.15 1596 29.06
Comp. Ratio [%] 1 13.40 30.62 28.75 20.81 3559 2583

Acc. [em] | 511 578 9.07 1014 7.64 754
RoSe-SLAM (Ours) Dynamic Comp. [cm] | 9.39 978 17.64 20.24 7.82 12.87
Comp. Ratio [%] 1 50.10 51.21 35.42 32.18 49.50 43.68

DGS-SLAM [12], Rodyn-SLAM [29] and DG-SLAM [11].
Additionally, monocular SLAM approaches such as GO-
SLAM [48], NICER-SLAM [56] and GS-SLAM [46] are
also compared with. DDN-SLAM [45] proposes specific
designs for dynamic scenes.

We report the results on four sequences from TUM dataset
as summarized in Table II. Our proposed system achieves
consistently strong tracking performance, attributed to the
integration of semantic-aware multi-view consistency and the
powerful coarse-to-fine camera tracking algorithm. To further
assess the generalizability and robustness of our method, we
conduct extensive experiments on Wild-Mocap dataset [13]
in Table III. Across these challenging scenarios, our method
consistently surpasses state-of-the-art methods, highlighting
its effectiveness and reliability in real-world navigation ap-
plications. The qualitative comparison of rendered images
and depths is illustrated in Figure 3 and Figure 4, where
our method demonstrates superior performance in distractor
removal on both TUM and Bonn datasets.

RoSe-SLAM

Nicer-SLAM

Fig. 5. Qualitative comparison for static scene reconstruction per-
formance on Bonn dataset. The proposed method achieves the best
performance in reconstruction.

TABLE 11
CAMERA TRACKING RESULTS ON SEVERAL DYNAMIC SCENE
SEQUENCES IN THE TUM DATASET. “X” AND “-” DENOTE THE
TRACKING FAILURES AND ABSENCE OF MENTION. THE METRIC IS
ABSOLUTE TRAJECTORY ERROR (ATE) AND THE UNIT IS [CM].

Method £f3/w.r £3/wx  £3/w.s  £3/sx  Avg.
RGB-D

ORB-SLAM3 [21] 68.7 28.1 2.0 1.0 17.1
ReFusion [22] - 9.9 1.7 4.0 52

iMAP* [26] 139.5 1115 1373 23.6 89.5
NICE-SLAM* [27] X 113.8 88.2 79 54.2
Vox-Fusion [43] X 146.6 109.9 3.8 71.6
Co-SLAM [41] 52.1 51.8 49.5 7.6 32.6
ESLAM [42] 90.4 45.7 93.6 7.6 48.0
Rodyn-SLAM [29] 7.8 8.3 1.7 5.1 5.3

SplaTAM [44] 100.4 2183 1152 1.7 74.4
DG-SLAM [11] 4.3 1.6 0.6 1.0 22

DGS-SLAM [12] - 4.1 0.6 - 2.4

DDN-SLAM (RGB-D) [45] 39 1.4 1.0 - 2.1

GS-SLAM (RGB-D) [46] 335 37.7 8.4 2.7 155
DROID-VO [8] 10.0 1.7 0.7 1.1 33

Monocular

DROID-VO [8] 6.5 1.9 1.7 1.6 2.7

GS-SLAM (RGB) [46] 40.8 18.3 1.2 5.8 32.97
Splat-SLAM [47] 3.9 1.3 23 - 25

DDN-SLAM (RGB) [45] 8.9 2.8 2.5 - 4.73
GO-SLAM [48] 4.1 1.6 0.8 1.1 2.05
WildGS-SLAM [48] 33 1.3 0.4 0.9 15

CUT3R+BA [36] 6.8 2.6 22 1.9 3.4

RoSe-SLAM (Ours) 2.7 1.2 0.5 0.8 13

C. Ablation study

To evaluate the efficacy of the proposed algorithm in our
system, we conducted ablation studies across two datasets
TUM and Bonn where both sequences consist of predictable
motions such as pedestrians and unpredictable object motions
such as chairs and balloons. We calculated the average ATE
for tacking performance to illustrate the impact of various
components on the overall system capability. As the results
shown in Table IV, the findings affirm the effectiveness of all
proposed methods in improving camera tracking. The strate-
gies of semantic-aware multi-view consistency and semantic-
guided keyframe selection substantially enhance the quality
of mapping, which in turn exerts a notable positive impact



TABLE III
CAMERA TRACKING PERFORMANCE ON THE WILD-SLAM MoOCAP
DATASET [13] (ATE | [CM]).

Method ANYmal2 Racket Tablel Table2 Umbre. Avg.
RGB-D

ReFusion [22] 5.6 10.4 99.1 101.0 10.7 45.36
DynaSLAM [49] 0.5 0.8 12 34.8 34.7 14.40
Monocular

DROID-SLAM (8] 4.7 1.5 48.0 95.6 3.8 30.72
DynaSLAM [49] 0.5 0.6 1.8 42.1 1.2 9.24
MonST3R [50] 21.6 132 4.8 33.7 5.5 15.76
MegaSaM [51] 2.7 1.6 1.0 9.4 0.6 3.06
WildGS-SLAM 0.3 0.4 0.6 1.3 0.2 0.56
T0s-SLAM [52] 0.4 0.4 0.2 1.1 0.2 0.46
CUT3R+BA [36] 8.9 52 4.8 7.1 4.4 6.08
RoSe-SLAM (Ours) 0.3 0.4 0.4 0.9 0.3 0.46

TABLE IV

ROSE-SLAM ABLATION STUDIES OF DIFFERENT COMPONENTS ON
BONN AND TUM. WE REPORT ATE [CM].

Bonn TUM
(a) w/o long-term dynamic mask 3.61 198
(b) w/o semantic-aware multi-view consistency 3.57 1.65

(c) w/o semantic-guided occlusion-aware keyframes 3.31 2.1
RoSe-SLAM (Ours) 29 13

on tracking accuracy.

D. Time consumption analysis

As presented in Table V, we report the per-frame compu-
tational cost for both tracking and mapping, excluding the
time required for semantic segmentation. All results were
obtained under an identical experimental protocol, perform-
ing 40 iterations for tracking and 60 iterations for mapping.
Leveraging the high efficiency of [8] for pose estimation
and the fast rendering capabilities of 3D Gaussian Splatting,
our method achieves superior tracking speed compared to
existing approaches.

V. CONCLUSION

In this paper, we propose RoSe-SLAM, a robust semantic-
aware Gaussian Splatting SLAM from monocular video
under dynamic environments. Via robust long-term dynamic
mask strategy for coarse-to-fine tracking algorithm, our
system significantly advances the accuracy and robustness
of pose estimation within dynamic scenes. The proposed
semantic-aware multi-view consistency and semantic-guided
keframes for occlusion inpainting stratey effectively im-
proves the quality of reconstructed maps and rendering im-
ages. We demonstrate its effectiveness in achieving superior
results in camera pose estimation and scene reconstruction
in dynamic scenes.
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