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Dense Monocular SLAM in Real-time with Structured
Gaussian Representation

Shaofan Liu?, Xing Weil, Chong Zhao', Aoxiang Tian! and Bin Du!

Abstract— Monocular dense SLAM faces significant chal-
lenges in low-texture environments and under rapid camera
motions. The recent development of 3D Gaussian Splatting
(BDGS) offers a promising approach for real-time dense 3D
reconstruction. However, existing 3DGS-based SLAM systems
employ end-to-end optimization frameworks, which often strug-
gle to achieve both efficient camera tracking and high-quality
scene reconstruction simultaneously. To address this challenge,
we propose a dense decoupled SLAM system that seamlessly
integrates traditional visual odometry with 3DGS within a
unified framework. Our system utilizes dense direct image
alignment using pseudo-depth maps rendered from a global
model, which is represented by an octree-managed structured
Gaussian representation. This structured Gaussian supports
fast rendering and efficient mesh extraction. Furthermore, we
adopt a stereo 3D reconstruction model to generate dense depth
maps from visual odometry for optimizing the 3D Gaussians.
Experimental results demonstrate that our framework achieves
state-of-the-art performance in both tracking robustness and
reconstruction outperforming to existing monocular Gaussian-
based SLAM systems, while maintaining real-time efficiency.

I. INTRODUCTION

Simultaneous Localization and Mapping (SLAM) [1]
plays an important role in autonomous system, which aims
to build an environment map and localize the agent within it.
Traditional SLAM systems have been actively studied over
the past fifteen years and have achieved promising results
[2], [3], [4]. However, these systems are generally limited to
constructing sparse point maps, which lack dense geometry
and texture information.

Motivated by Neural Radiance Fields (NeRF) [5], several
efficient SLAM approaches [6], [7], [8], [9] have been
proposed that leverage the expressive capabilities of implicit
neural representations to capture high-fidelity geometric
and visual details from sparse observations. As pioneering
works in this field, iMAP [6] and NICE-SLAM [7] utilize
Coordinate-MLPs to jointly recover scene geometry and
camera poses, achieving high-quality scene reconstruction.
Nevertheless, these methods typically render only a limited
subset of pixels to reduce optimization time, resulting in the
reconstructed dense maps lacking the richness and intricacy
of details.

Recently, 3D Gaussian Splatting (3DGS) [10] has shown
remarkable superiority in the efficiency of high-resolution
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Fig. 1. Our monocular SLAM method is based on a structured Gaussian
representation, enabling direct triangular mesh extraction from Gaussians.
The top image shows the reconstructed mesh along with camera pose
trajectory, while the bottom image shows the 3D Gaussian ellipsoids.

image rendering, making it especially suitable for applica-
tions such as dense SLAM [11], [12], [13], [14]. These
methods not only reduce the computational overhead com-
monly associated with implicit neural representation methods
but also maintain consistent rendering quality across varying
scene complexities and resolutions. However, recent methods
such as GS-SLAM [11] and MonoGS [12] rely exclusively
on photometric loss backpropagation for camera pose op-
timization, which often results in tracking failures under
rapid motion and poor initial localization. Unfortunately,
3DGS itself requires a well-initialized point cloud to begin
reconstruction. This inherent contradiction has led to the
development of decoupled SLAM systems [15], [16], of
which MGSO [16] is most similar to our proposed method.
However, the visual odometry (VO) of MGSO is entirely
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independent of the 3D Gaussian representation and thus
cannot benefit from the dense mapping capabilities provided
by 3DGS.

To address these challenges, we propose a monocular
dense decoupled SLAM method, which integrates a struc-
tured Gaussian representation into a traditional optimization-
based VO pipeline. Our key idea is an octree-based orga-
nization of structured 3D Gaussians, which not only en-
ables surface mesh extraction through sparse voxel traversal
but also enhances the VO through differentiable render-
ing. Specifically, we leverage the differentiable rendering
capability of 3DGS to generate pseudo-depth maps from
the input viewpoint at runtime. These pseudo-depth maps
are integrated into the VO pipeline as additional geometric
constraints, significantly enhancing tracking robustness. To
further improve the accuracy of the Gaussian representation,
we adopt DUSt3R [17] to predict confidence-weighted depth
maps, which guide the iterative optimization process of the
Gaussians. Additionally, we leverage the sparse point cloud
generated by VO to provide initial spatial distributions for
the Gaussian primitives. As shown in Fig.1, our method
requires only a single monocular camera to achieve both
robust camera tracking and dense 3D reconstruction.

The key contributions of this paper are summarized as
follows:

e We propose a dense decoupled SLAM system that
seamlessly integrates traditional visual odometry with
3DGS within a unified framework.

o We introduce the structured 3DGS representation, which
employs an octree-based structure to efficient organiza-
tion and surface extraction.

o We propose the depth-guided tracking method based
on differentiable rendering, which integrates rendered
pseudo-depth maps into visual odometry, improving
tracking accuracy and robustness.

II. RELATED WORK
A. Visual SLAM

Visual SLAM systems can be categorized into traditional
SLAM systems [1], [2], [3], [4] and learning-based SLAM
systems [18], [19], [20]. Traditional systems typically follow
feature-based [1], [2] or direct [3], [4] approaches. Feature-
based methods leverage sparse keypoint matching for effi-
cient pose estimation but struggle with dense mapping due
to their inherent sparse representation. Direct methods, such
as LSD-SLAM [4], optimize photometric error across entire
images, enabling semi-dense reconstruction at the cost of
increased computational complexity and sensitivity to light-
ing variations. Recent learning-based approaches attempt to
overcome these limitations through data-driven priors. Deep
neural networks have been employed for depth prediction
[18], optical flow estimation [19], and end-to-end pose
regression [20]. These SLAM systems exhibit robustness to
noise, allowing operation in diverse environments, scalability
to large-scale settings, and the handling of complex maps.
However, they are limited to constructing sparse point-based
maps while achieving accurate camera trajectory estimation.

B. Implicit Neural SLAM

Recent advances in implicit neural representations [5]
have revolutionized 3D scene modeling by encoding both
geometry and appearance into compact neural networks.
These continuous parameterizations have been increasingly
adopted in robotic systems for simultaneous mapping and lo-
calization. Pioneering work by iMAP [6] demonstrated real-
time performance with a single MLP-based representation.
However, it suffered from catastrophic forgetting in large-
scale environments. Subsequent efforts have addressed scala-
bility through various architectural innovations. For instance,
NICE-SLAM [7] introduces hierarchical multi-scale feature
grids decoded by pre-trained MLPs, while Vox-Fusion [8]
implements dynamic octree expansion for adaptive resolution
control. Similarly, Point-SLAM [21] employ tri-plane fac-
torization and neural point clouds, respectively, to enhance
surface detail preservation. However, as they are based on
time-consuming volume rendering, they require expensive
sampling strategies to locate the surface, and their implicit
scene representations can be difficult to integrate with other
systems.

C. Gaussian-based SLAM

3D Gaussian Splatting (3DGS) [10] is a scene representa-
tion technique that models the environment as a large set of
3D Gaussians, resembling blurry overlapping clouds. Simi-
lar to NeRF, 3DGS allows for gradient-based optimization
of camera poses by minimizing the discrepancy between
rendered and input images. To extend 3DGS into SLAM
systems, methods such as SplaTAM [14] and GS-SLAM [11]
adopt a one-stage framework in which tracking and mapping
are tightly coupled. However, these methods heavily rely on
depth data for 3D reconstruction, making them dependent on
RGB-D sensors. To overcome this limitation, recent methods
like MonoGS [12] attempt to achieve tracking and recon-
struction using only monocular RGB cameras. Meanwhile,
RTG-SLAM [13] aim to improve efficiency by optimizing
depth models or modifying the Gaussian representation.
Among existing methods, MGSO [16] is the most similar
to our method. However, the visual odometry of MGSO is
entirely independent of the 3D Gaussian representation, it
cannot benefit from the dense mapping capabilities provided
by 3DGS. In contrast, our method leverages the differentiable
rendering of 3DGS to enhance visual odometry and to extract
surface meshes through a structured 3DGS representation.

I11. METHOD
A. System Overview

Fig.2 shows the overview of our proposed monocular
dense SLAM method. We aim to estimate the camera poses
{Pi}i]\il for every frame and simultaneously reconstruct a
dense scene map by giving an input sequential RGB stream
{Ii}?il with known camera intrinsics K € R3*3. Our
system consists of an odometry module based on Direct
Sparse Odometry (DSO) [3] in the tracking branch and
a dense mapping module in the mapping branch. In the
tracking branch, each input image I; is first processed by
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Overview of our monocular SLAM method. In the tracking branch, we employ DSO [3] to achieve frame-rate camera pose estimation. In the

mapping branch, we first estimate predicted depth maps for keyframes by jointly optimizing keyframe images and sparse point clouds. Then, we optimize
the structured Gaussian representation using both keyframe images and depth maps. Finally, we render pseudo-depth maps from the structured Gaussian

and integrate them into the visual odometry pipeline.

DSO to estimate the camera pose P, and then keyframes Ff
are selected based on its strategy (Sec.III-B). In the mapping
branch, we first select the top N keyframes with the highest
similarity to the input image and feed them into DUSt3R [17]
to generate the global point map X! (Sec.III-C). The global
point map is then projected to obtain dense depth maps
Ddense which are further optimized by minimizing the loss
between the rendered images and the input images (Sec.III-
D). Finally, we extract a surface mesh from the structured
Gaussian representation (Sec.III-E).

B. Monocular Odometry

The tracking backbone of our system is built upon a
lineage of visual SLAM approaches that originate from DSO
[3]. In DSO, the camera motion is modeled as a series of
poses, and the goal is to jointly optimize the camera poses
and the inverse depths by minimizing the photometric error
between the observed and projected pixel intensities. The
photometric error for a pixel p observed in a reference frame
1 and a target frame j is defined as follows:

tjeaj

Ep = |(L[p] = b)) — ;= (Lilp] = i) (D
€™ 5

where ¢; and ¢; denote the exposure times of the images
I; and I, respectively. |-|; indicates the Huber norm for
robust outlier suppression. The pixel p’ is the projection of
the sparse point (p, dp) corresponding to p in the reference

frame ¢ onto the target frame j:
I (RIIZ ' (p, dp) + t) 2)

where TI, and TI ! represent the camera projection and back-
projection functions, respectively, while R and t denote the
relative rotation and translation between frames ¢ and j. For
the point (p,dp), dp is the distance from the camera to the
point in the reference frame <.

In the original DSO, a new frame is tracked against the
last keyframe n by direct image alignment, with a sparse

p =

depth map D*®P?"%¢ projected from the sparse point cloud Y9.
As a result, the accuracy of the sparse point cloud directly
influences the localization accuracy of DSO. However, the
sparse point cloud in DSO is highly vulnerable to low-texture
and high-noise environments. To overcome this limitation,
we employ 3DGS to efficiently render a dense pseudo-depth
map Dpseudo from the viewpoint of the reference frame 1.
For each pixel p in the current keyframe n, we assign a
depth value either based on the sparse VO points D*P¢"%¢_ if
available, or based on the rendered dense pseudo-depth map
Dpseudo | otherwise. Since the depth map rendered by 3DGS
is dense, DSO can utilize this dense combined depth map
for two-frame direct image alignment.

C. Dense Local Mapping

DSO represents scenes through sparse point clouds, focus-
ing primarily on high-gradient regions. We adopt a method
similar to MGSO to initialize Gaussians based on these
sparse point clouds. However, MGSO optimizes the Gaus-
sians only through a photorealistic image loss, making it
difficult to accurately reconstruct scenes without depth super-
vision. To overcome these limitations, we employ DUSt3R
[17] to generate dense local point maps for obtaining depth
maps. DUSt3R is a novel approach for dense and uncon-
strained stereo point map generation that operates without
prior information about camera calibration or viewpoint
poses. By inputting two images, its outputs include point
maps, confidence maps of the two input images:

X!, C = Head(Decoder(Encode; (1), Encodea(I5)))

3)
where I; and 5 represent the input image pair to be matched.
X' € R? and C denote the local dense point map and the
confidence map, respectively. In practice, we select the top
N keyframes with the highest co-visibility relative to the
input frame within a sliding window. These keyframes are
paired with the input frame to generate /N local point maps
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{X!1}N |. We then solve for a scale factor s that aligns the
dense local point maps { X!}V, with the sparse point cloud

Y9 estimated by DSO:
M = {(X}(uy), Y (uy)) [ 5 =1,..., My}

N M;
arg sﬂ{fl)i(I}} D> Ciluy) [|s - Xi(uy) = (RY 9 (uy) + ti)”i
“4)

where M, denotes the set of matched point pairs between
{X1}N | and Y9, obtained by projecting both sets onto
the same keyframe and matching points with identical pixel
coordinates u;. {R;, t;} represents the relative pose between
the two sets, estimated by DSO. We derive the global dense
point map X7 by applying the scale factor s and the pose
transformation {R;,t;} as follows:

i=1 j=1

X7 = s"R; X"+t 5)

Simultaneously, we extract the predicted depth map Ddense
as the z-coordinate of X7.

D. Structured Gaussian Representation

1) Scene Representation: We represent the scene using a
collection of Gaussians {G;}. Similar to [10], the geometry
of each Gaussian G; is parameterized by an opacity a; €
[0,1] , center p; € R3¥!, scale s € R3>*!, and rotation
R € R3%3, According to GaussianShader [22], the Gaussian
sphere gradually becomes flattened and approaches a plane
during the optimization process. Therefore, the direction
of its shortest axis can approximate the normal direction
n; of the Gaussian. The semi-major axis radius r; can be
determined from the Gaussian’s half-width at half-maximum
(HWHM):

n; = R;[l,:], [ =argmin([s1,s2,s3]) (6)
ri =V 2A1 In2 (7)
where diag(si,se2,s3) = s;, and A; are the eigenvalues

of X,;, which represent the variances along the principal
directions.

The vanilla 3D Gaussian splatting allows Gaussians to
freely drift and split but generally neglects the underlying
scene structure. In contrast, our method employs an octree
structure for Gaussian management, which can efficiently
extract a mesh from the Gaussians. The octree divides the en-
tire scene into mutually exclusive axis-aligned voxels where
each voxel serves as both the storage unit for Gaussians
and the leaf nodes of the scene octree. Specifically, we
insert optimized Gaussians into the octree based on their
semi-major axis radius r; and the center position of their
ellipsoidal disc. If the radius of a Gaussian exceeds the edge
length of the leaf voxel, neighboring voxels are generated
to collectively represent the Gaussian. Notably, optimized
Gaussians refer to those whose optimization iterations exceed
a threshold 7, after which their size and position remain fixed
and no longer change. Additionally, to enhance the efficiency
of insertion and search operations within the octree, we
employ Morton codes to encoding voxel coordinates. Given
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Fig. 3. Visualization of pseudo-depth maps and their residuals compared to
ground truth depth maps. The pseudo-depth maps rendered by our method
more accurately represent the scene geometry.

the 3D coordinates (z, y, z) of a voxel, we can quickly locate
its position in the octree by traversing its Morton code.

2) Fast Rasterization-based Rendering: The core of op-
timizing the 3D Gaussian scene lies in estimating residuals
with the input images. In terms of color rendering, the color
image I can be rendered by alpha-blending proposed in [10]:

i—1
1= co; [J(1-ay) ®
iEN j=1

where c; represents the Gaussian color based on the view
direction and the SH coefficients. «; is the density computed
by multiplying 2D covariance X’ with opacity.

In terms of depth rendering, we integrate along the ray for
each depth of the Gaussian:

i—1
Dpseudo — Z pfOéz H(l _ aj) (9)
i€EN Jj=1

where p? is the z-component of the position of a Gaussian.
As shown in Fig.3, our rendered depth Dpseudo g very close
to the ground truth depth. Finally, we perform Gaussian
optimization based on the color loss and depth loss between
the predicted images and the input images for each keyframe.
We use the £ loss for optimization:

K

Ecolor = Z |Iz - fz|7

7

K
‘Cdepth = Z Cinglense _ Dfseudo|
l (10)

E. Mesh Extraction

After inserting 3D Gaussians into the octree, we compute
the opacity of each octree voxel’s vertices to extract the
mesh. Specifically, the opacity of a vertex is determined by
projecting the opacity of the Gaussians into image space. As
shown on the left side of Fig.2, we follow the construction
of the Gaussian opacity field proposed in [23], which allows
the evaluation of the opacity value or transmittance at any
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TABLE I TABLE 11
CAMERA TRAJECTORY EVALUATION ON THE REPLICA DATASET, CAMERA TRAJECTORY EVALUATION ON THE TUM RGB-D DATASET,
RMSE[cM]. RMSE[CcM].

Method RO Rl R2 OO0 O1 02 03 04 Avg Method fr1/desk fr2/xyz fr3/office Avg.

DROID-SLAM [25] 0.77 042 270 028 0.2 033 062 037 0.75 DSO [3] 2.45 1.10 5.50 3.02

Photo-SLAM [9] 0.58 0.32 5.03 047 0.58 035 1.18 023 1.09 DSO+DUSt3R 2.10 1.10 3.98 2.39

MonoGS [12] 138 2.15 7.19 146 1.68 2.05 3.16 1.77 261 -

MGSO [16] 035 1.02 593 022 054 028 034 020 I1.11 PDlFOI%SkaMQ[ZS] igg (1)333 igé %gé

Ours 033 045 3.61 021 047 024 031 020 0.73 oto- (%1 . . * :
MonoGS [12] 3.78 4.60 3.50 3.96
Ours 1.48 0.85 2.02 1.45

point along a ray:
K
O(o,r,t) = Y xOx(Gr,0,1,t)

k=1

k—1 (1])
. H (1 — Oszk(GkaOarat))
j=1

where o € R3*! represents the camera center, r € R3*!
represents the ray direction, and ¢ represents the position
along the ray. We define the opacity of a 3D point x as the
minimal opacity value among all viewing directions:

O(x) =minO(o,r,t
() = min Ofo.r.1)

)

12)

the opacity of the corner points of the leaf node voxels is
computed by the tile-based evaluation algorithm from [23].
Finally, we employ the sparse voxel-based marching cubes
algorithm from [24] to extract the mesh from the octree.

IV. EXPERIMENTS
A. Implementation and Setup

1) Datasets: To comprehensively validate our approach,
we evaluate it on three datasets, including both synthetic and
real-world sequences: Replica [26], which contains photore-
alistic 3D indoor scenes; EuRoC MAV [27], which consists
of multiple indoor sequences with varying motion dynamics
and illumination conditions; and TUM RGB-D [28], a real-
world dataset featuring RGB-D sequences recorded from a
handheld camera in indoor environments.

2) Implementation Details: Our main program is imple-
mented in Python, with tracking-related functions from DSO
encapsulated as interfaces using Pybind11. For both 3DGS
and DSO, we adopt their default configuration settings. For
DUSt3R, we use weights pre-trained on indoor scenes and
select the top four keyframes with the highest co-visibility
relative to the input frame as input pairs and optimize
the point maps for 300 iterations. To distinguish between
optimized and non-optimized Gaussians, we set 7 to 400. For
experiments on the Replica dataset, we set the octree voxel
size to 0.02 m and perform new Gaussian insertions every
20 frames. For the EuRoC MAV and TUM RGB-D datasets,
we set the octree voxel size to 0.05 m and perform new
Gaussian insertions every 20 frames. During evaluation, we
use Sim(3) to align the output trajectory and reconstructed
mesh with the ground-truth reference. All experiments are
conducted on a desktop PC equipped with an Intel Xeon
Gold 6132 CPU and an NVIDIA RTX 3090 GPU.

B. Evaluation on Camera Tracking

We evaluate the camera tracking performance on the TUM
RGB-D and Replica datasets and adopt the mean RMSE error
as the evaluation metric. To show the effectiveness of our
approach, we compare it against DROID-SLAM [25], Photo-
SLAM [9], MonoGS [12], and MGSO [16]. For MGSO,
we directly use the numbers reported in their paper. As
shown in Tab.I, our method achieves the lowest mean RMSE
error on the synthetic Replica dataset. For the real scenes
TUM RGB-D dataset, we use only RGB images as input.
The comparative results in Tab.Il reveal that our method
significantly outperforms the classical SLAM method DSO
in pose estimation accuracy. This improvement validates
that the dense depth maps rendered through our structured
Gaussian representation effectively enhance the precision of
visual odometry by providing reliable geometric constraints.

Additionally, we implement DSO+DUSt3R, which utilizes
the dense depth maps estimated by DUSt3R for direct image
alignment by incorporating depth information from all pixels.
However, it is worth noting that DUSt3R has a slow matching
speed, making it unsuitable for real-time SLAM applications.
Instead, we render depth maps using 3DGS and apply
DUSt3R for depth estimation only on keyframes. Thanks
to the global scene modeling capability and fast rendering
speed of 3DGS, our method can generate more efficient and
accurate pseudo-depth maps, significantly improving both
tracking performance and computational efficiency.

C. Evaluation on Mapping

1) Rendering Performance: To ensure a fair comparison,
we evaluate our rendering quality using standard image qual-
ity metrics: PSNR, SSIM, and LPIPS. Since DROID-SLAM
is unable to synthesize novel view images, it is excluded from
this comparison. Results for other systems were obtained
from their respective publications, except for MonoGS. We
re-implemented MonoGS and report the experimental results
under the monocular camera setting. As shown in Tab.IIl,
our method achieves higher rendering quality compared to
other baseline methods. This improvement is attributed to the
dense and reliable depth estimation provided by DUSt3R,
which guides the 3D Gaussians to better capture scene
geometry and texture details. Additionally, Tab.IV presents
rendering performance on the challenging EuRoC MAV
dataset, which contains sequences with significant motion
blur and noise caused by high-speed camera movements.
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Fig. 4. Evaluation of rendering quality on Replica and TUM RGB-D datasets. Qualitative results demonstrate that our method produces higher-quality

rendering results compared to the baseline methods.

TABLE III
QUANTITATIVE EVALUATION OF RENDERING QUALITY ON THE REPLICA DATASET.

Method Metric Room0 Room1 Room2 Office0 Officel Office2 Office3 Office4 Avg.
PSNR [dB]1 26.75 27.78 29.43 35.22 34.35 29.58 28.55 32.05 30.46

Photo-SLAM [9] SSIM?T 0.94 0.93 0.91 0.89 0.92 0.79 0.84 0.89 0.89
LPIPS| 0.31 0.28 0.24 0.21 0.23 0.26 0.26 0.22 0.25

PSNR [dB]1 24.48 25.47 23.69 31.87 33.00 23.73 27.03 27.61 27.11

MonoGS [12] SSIM?T 0.77 0.80 0.84 0.90 091 0.83 0.86 0.90 0.85
LPIPS| 0.28 0.32 0.35 0.24 0.17 0.30 0.21 0.23 0.26

PSNR [dB]T 28.11 30.04 31.89 36.34 38.20 28.90 30.27 31.41 31.90

MGSO [16] SSIM?T 0.82 0.87 0.92 0.95 0.96 0.90 0.91 0.93 0.91
LPIPS] 0.33 0.27 0.24 0.22 0.25 0.29 0.26 0.26 0.27

PSNR [dB]1 29.42 29.94 32.16 37.29 38.31 30.30 30.55 33.67 32.71

Ours SSIM?T 0.83 0.90 0.95 0.97 0.96 0.92 0.93 0.95 0.93
LPIPS| 0.27 0.25 0.22 0.21 0.22 0.27 0.25 0.25 0.24

TABLE IV

QUANTITATIVE EVALUATION OF RENDERING QUALITY ON THE EUROC
MAV DATASET.

Method Metric MH V1 V2 Avg.
PSNR [dB]T 18.60 18.30 17.94 18.28

Photo-SLAM [9] SSIM? 0.65 0.73 0.65 0.68
LPIPS) 0.39 0.44 0.53 045

PSNR [dB]tT 1732 1771 16.03 17.02

MonoGS [12] SSIMT 0.69 0.70 0.61 0.67
LPIPS| 0.39 0.47 0.49 0.45

PSNR [dB]T 20.75 20.26 2031 20.44

MGSO [16] SSIM? 0.72 0.79 0.75 0.75
LPIPS| 0.36 0.39 0.39 0.38

PSNR [dB]T 21.74 20.21 2139 21.11

Ours SSIM? 0.80 0.77 0.80 0.79
LPIPS| 0.35 0.39 0.36 0.37

To enhance robustness, our method employs confidence-
weighted depth filtering, as described in Eq.10, to mitigate
the impact of noise in the input data. As shown in Fig.4, our

rendered images exhibit fewer artifacts and preserve fine-
grained details compared to baseline methods.

2) Mesh Evaluation: As shown in Fig.5, we present
visualizations of meshes extracted from structured 3D Gaus-
sians. It is important to note that previous Gaussian-based
SLAM methods cannot directly extract meshes from Gaus-
sian representations online, which limits their applicability
in downstream tasks. In contrast, we adopt the Gaussian
opacity field proposed in [23] to extract meshes directly
from Gaussians. Unlike the offline mesh extraction approach
in [23], our method organizes Gaussians within an octree-
based hierarchical structure, which allows for efficient mesh
extraction by leveraging the opacity values at the voxel
vertices of leaf nodes in the octree.

D. Evaluation on Efficiency

The SLAM system requires real-time inference of the
network. We evaluate our system on the Replica dataset,
measuring the operating frame rate, tracking frame rate,
rendering speed, GPU memory usage, and runtime. As shown
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Fig. 6. Trajectory and scale drift evaluation on the EuRoC MAV data.

TABLE V
PERFORMANCE COMPARISON ON REPLICA/OFFICE 0.

. . . GPU
Operating Tracking Rendering .
Method Memory Run Timel
FPST FPST FPST Usage]
DROID-SLAM [25] 29.54 36.02 - 11 GB <2 min
Photo-SLAM [9] 34.88 40.24 896.62 6 GB <2 min
MonoGS [12] 1.32 1.32 759.14 14 GB >10 min
Ours 34.67 43.83 802.53 11 GB <2 min

in Tab.V, thanks to our decoupled tracking and mapping
SLAM framework, our method achieves a tracking frame
rate of 43.83 FPS and a rendering frame rate of 802.53
FPS, making it sufficiently fast to meet the real-time re-
quirements of visual odometry alignment. While our method
exhibits slightly higher GPU memory usage and a slightly
reduced operating frame rate compared to baseline methods,
this discrepancy stems from the computational demands of
DUSt3R for dense point cloud estimation, coupled with inter-
component communication and integration overhead within
the different system components.

E. Evaluation on Scale Drift

Both DSO and our method inevitably experience some
degree of drift over time due to the inherent limitations
of monocular visual odometry, particularly the inability to
directly observe absolute scale. Following the setup in DSO,
we performed 200 runs on the EuRoC MAV dataset to assess
the trajectory RMSE error €,,,s., and 600 runs to measure
scale drift using the metric e;. As shown in the Fig. 6,
our method consistently outperforms DSO on both metrics,
exhibiting significantly lower scale drift and trajectory error.
This improvement can be attributed to the dense pseudo-
depth maps Dpseudo generated by the 3DGS, which provide
more stable and geometrically consistent depth supervision
for the pose tracking process.

2026, Vienna, Austria. Cite as RA-L paper.
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Fig. 8. Ablation Study on the Number of Keyframes /N. We evaluate the

difference between the depth maps predicted by DUSt3R and the ground
truth depth maps using the Depth L metric.

TABLE VI
ABLATION STUDY OF DUST3R AND PSEUDO-DEPTH MAPS ON
REPLICA/OFFICE 1.

DUSt3R Pseudo Depth PSNR [dB]T RMSE [cm]|
36.84 0.60
v 37.88 0.60
v 37.10 0.51
v v 38.31 0.47

E. Ablation Study

In this section, we conduct ablation analysis on hyperpa-
rameters and network structures.

1) Octree Voxel Size: Since our meshes are directly
extracted from the leaf node voxels of the octree via the
sparse Marching Cubes algorithm, the voxel size of the leaf
node voxels significantly impacts the resolution of the re-
constructed mesh. Fig.7 visualizes the reconstructed meshes
under three voxel sizes. The large voxel size fails to capture
fine-grained details, resulting in oversimplified and coarse
reconstructions. Conversely, the small voxel size recovers
detailed geometry but comes at the cost of significant mem-
ory and computational overhead. To balance reconstruction
accuracy and efficiency, we select voxel sizes of 0.02 m and
0.05 m based on the scale of the scene.

2) Impact of DUSt3R and Pseudo-Depth Maps: As shown
in Tab. VI, we analyze the impact of DUSt3R and pseudo-
depth maps on system performance. The pseudo-depth maps
rendered by 3DGS significantly improve pose estimation
accuracy by providing dense depth priors for tracking, while
also indirectly improving the scene reconstruction geometry.
Without pseudo-depth constraints, the system reverts to the
tracking strategy in original DSO and thus cannot benefit
from additional depth supervision to refine pose estimates.
Simultaneously, DUSt3R ensures geometric consistency dur-
ing 3DGS optimization, thereby boosting rendering fidelity.
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When both modules are enabled, the system benefits from
synergistic interaction, achieving the best results in pose
estimation and rendering quality.

3) Keyframe Selection for DUSt3R: We perform an abla-
tion study to determine the optimal number of keyframes N
required for DUSt3R to estimate the point map. As shown
in Fig.8, increasing the number of keyframes significantly
increases evaluation time of DUSt3R, which in turn affects
the mapping speed. To balance rendering accuracy with
computational efficiency, we select N = 4 keyframes as the
optimal configuration.

V. CONCLUSION

We propose a monocular dense SLAM method that inte-
grates a structured Gaussian representation into a traditional
optimization-based visual odometry pipeline. Specifically,
we introduce a structured Gaussian representation organized
via octree-based hierarchical management. This structure
allows the rendered pseudo-depth maps to be seamlessly in-
tegrated into the visual odometry pipeline as dense geometric
constraints, which significantly enhances tracking robustness
under challenging conditions. To further refine the Gaussian
representation, we utilize DUSt3R to estimate dense depth
maps for selected keyframes. Given the slow inference speed
of DUSt3R, future work may explore potential acceleration
strategies, such as incorporating lightweight stereo networks
or developing more efficient training schemes for 3D Gaus-
sian representation.
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