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Abstract

3D Gaussian Splatting demonstrates significant ad-
vantages in high-fidelity rendering for offline recon-
struction of objects or scenes, however, its integration
with existing SLAM systems especially for monocular
scenario still suffers from limited localization accuracy
and poor rendering quality. In this paper, we pro-
pose a new monocular 3D Gaussian splatting SLAM,
which achieves high fidelity online 3DGS-based recon-
struction given monocular video input with significance-
guided pruning. Our key observation is to maintain
structural compactness for the 3D Gaussians optimiza-
tion, by adaptively pruning the 3D Gaussians under a
global significance evaluation from multi-dimensional
cues such as visibility, opacity, and volume coefficient.
Specifically, we leverage a frame-to-model pipeline that
jointly optimizes camera poses and 3D Gaussians within
a sliding-window framework, ensuring globally consis-
tent 3D Gaussian representations for high-fidelity ren-
dering with the guidance of significance-guided prun-
ing. Besides, an online monocular depth estimation
model is incorporated to extract depth priors from in-
put images, to effectively initialize the 3D Gaussian at-
tributes for better camera tracking. Extensive experi-
ments on Replica and TUM datasets demonstrate that
our approach substantially improves both tracking per-
formance and rendering fidelity, achieving state-of-the-
art results compared to existing methods.

Keywords: Gaussian Splatting, SLAM, Significance-
Guided Pruning

1. Introduction

Visual simultaneous localization and mapping (VSLAM)
provides spatial perception capabilities for key applica-
tions such as virtual reality (VR), augmented reality (AR),
robotics, and unmanned aerial vehicles, demonstrating sig-
nificant advantages and potential [57, 78, 72, 3, 63]. In re-
cent years, VSLAM has been increasingly extended to di-
verse application scenarios, leading to enhanced function-

alities such as robust operation in dynamic environments
[69, 8], semantic-level mapping [58], and high-quality
scene reconstruction [ 7], which have further strengthened
its integration with downstream applications [10]. Among
them, online scene reconstruction based SLAM [5, 15, 79]
aims to simultaneously estimate camera poses and recon-
struct 3D scenes that support free-viewpoint, high-fidelity
rendering, thereby enabling immersive experiences for ap-
plications such as VR and AR [17, 54, 12].

Traditional SLAM methods, which represent scenes us-
ing primitives such as point clouds [53], meshes, or vox-
els, can effectively capture geometric structures but strug-
gle to support high-fidelity rendering [54]. Neural Radi-
ance Fields (NeRF) [35], on the other hand, leverage im-
plicit neural networks to build compact and continuous
scene representations, enabling free-viewpoint, photoreal-
istic image synthesis and further enhancing the accuracy of
SLAM based scene reconstruction [54, 51]. However, its
ray-tracing-based pipeline, which queries volumetric densi-
ties and colors at numerous points along pixel-derived rays,
is extremely time-consuming and cannot support applica-
tions that require real-time rendering. Even with subsequent
developments using efficient representations such as octrees
[68] or hash tables [38], when integrated with SLAM sys-
tems, they often suffer from either low tracking accuracy or
poor reconstruction fidelity [33, 56].

In recent years, 3D Gaussian Splatting [18] has sig-
nificantly improved rendering photorealism and efficiency.
It represents scenes using 3D Gaussian ellipsoids, and
achieves fast rendering through a differentiable rasterization
with adaptive densification. Its integration with SLAM has
been extended to various sensing modalities [73], includ-
ing RGB [34], RGB-D [41], LiDAR [61], and inertial mea-
surement units (IMUs) [20], where the deeply fused sen-
sor data provide richer environmental information, enabling
more robust and accurate scene reconstruction. However,
monocular SLAM combined with 3D Gaussian Splatting
still struggles with inaccurate localization and low recon-
struction fidelity.

In this paper, our goal is to accurately reconstruct 3D
scenes in a 3D Gaussian splatting SLAM framework, called
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Joint Optimization

Novel View Synthesis

Figure 1. This paper proposes a novel monocular Gaussian Splatting SLAM, i.e., MGS-SLAM. Given streaming monocular video without
camera poses, our method jointly optimizes 3D Gaussians and camera poses with a significance-guided pruning strategy, achieving accurate

scene reconstruction and high-quality novel view synthesis.

MGS-SLAM, given monocular video input, while enabling
real-time, high-fidelity rendering using a novel significance-
guided pruning as shown in Figure 1. Unlike previous
3DGS-based SLAM systems that maintain accurate 3D
Gaussian reconstruction by fusing rich multi-modal cues,
our MGS-SLAM proposes to leverage a significance-guided
pruning strategy to retain more significant 3D Gaussians
to accurately estimate camera poses, thus enabling high-
fidelity online scene reconstruction even using monocu-
lar images. Specifically, we introduce a frame-to-model
SLAM framework that jointly optimizes camera poses and
3D Gaussian parameters under a photometric loss, employ-
ing a sliding window strategy over keyframes. Moreover,
we evaluate the significance of each Gaussian by integrat-
ing multi-dimensional cues such as visibility count, opac-
ity, and volume coefficient, guiding effective pruning of
less significant Gaussians. Besides, we employ an online
monocular depth estimation model to obtain depth priors
from images, which are then combined with color informa-
tion to initialize the 3D Gaussian attributes including spatial
position, opacity, and color.

Benefiting from the above components, our MGS-
SLAM achieves accurate scene reconstruction, ensuring
both high-fidelity and real-time rendering performance.
Furthermore, MGS-SLAM is evaluated on widely used
Replica [49] and TUM [50] datasets, and compared
with state-of-the-art monocular scene reconstruction SLAM
methods including Photo-SLAM [14], MonoGS [34] and
DepthGS [75]. The experimental results indicate that MGS-
SLAM achieves state-of-the-art performance in both track-
ing and rendering performance.

2. Related work
2.1. Scene Reconstruction

Compared with traditional geometry-based reconstruc-
tion methods, NeRF provides a continuous implicit rep-
resentation that jointly models geometry and appearance,

enabling high-fidelity novel view synthesis with view-
dependent effects [35, 4, 30]. Nevertheless, NeRF’s vol-
umetric rendering makes the rendering process extremely
time-consuming, which significantly limits its practical ap-
plicability. To further enhance NeRF’s rendering quality,
KiloNeRF [45] and Block-NeRF [52] divide the scene into
multiple smaller sub-scenes, each represented individually,
while NISB-MAP [60] extends these approaches by intro-
ducing overlapping sub-scenes to improve the consistency
and stitching quality in intersecting regions.

In recent years, 3D Gaussian Splatting [18] has signif-
icantly improved both the rendering fidelity and computa-
tional efficiency of NeRF [35] and its variants [68, 38, 45,

, 60, 37, 1, 43, 55]. Furthermore, some methods have
been proposed to achieve more accurate geometric recon-
structions [70, 66, 13, 62, 65, 22], among them, GESs [66]
represent the scene using a set of 2D opaque surfels with a
few 3D Gaussians surrounding them, significantly improv-
ing geometric accuracy and enhancing rendering realism;
3DGS-DR [65] leverages the per-pixel reflection gradients
generated by deferred shading to bridge the optimization
process of neighboring Gaussians, significantly improving
non-Lambertian reconstruction quality. In addition, some
methods [25, 71, 32, 11] have successfully reconstructed
vivid human avatars, expanding the application of scene re-
construction in dynamic contexts [28, 59]. Our work is in-
spired by those works but focuses on a monocular online
reconstruction SLAM using 3D Gaussian splatting.

2.2. Scene Reconstruction SLAM

To support accurate online appearance reconstruction,
iMAP [51] first integrates SLAM with NeRF [35], en-
abling the joint optimization of camera poses and the im-
plicit map. NICE-SLAM [77] and Vox-Fusion [64] adopt a
voxel-based representation that stores implicit scene infor-
mation across the entire environment. Furthermore, several
studies have integrated implicit representations with more
efficient data structures, including octrees [33], hash ta-
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Figure 2. The pipeline of MGS-SLAM. Our method adopts a frame-to-model SLAM framework that jointly optimizes camera poses and
3D Gaussian parameters employing a sliding window strategy (Section 3.1). Moreover, we evaluate the significance of each Gaussian by
integrating multi-dimensional cues guiding effective pruning of less significant Gaussians (Section 3.2). Besides, we employ an online
monocular depth estimation model to obtain depth priors to efficiently initialize the 3D Gaussian attributes (Section 3.3).

bles [56], tri-planes [16], and point clouds [48], with cer-
tain structures even achieving real-time tracking and recon-
struction. Moreover, some NeRF-based SLAM methods
have incorporated loop closure [30] and submap strategies
[6], enabling more accurate camera localization and glob-
ally consistent reconstruction, particularly in long-sequence
scenarios. In addition, NeRF-based SLAM methods target-
ing semantic mapping [19], robustness in dynamic scenes
[21, 47], and multi-sensor fusion [3 ] have further expanded
its applications.

Recently, some studies integrating 3D Gaussians with
SLAM have demonstrated superior rendering speed and
reconstruction accuracy compared to NeRF-based SLAM.
Among them, Photo-SLAM [14] integrates ORB-SLAM
[39] with 3D Gaussian Splatting [18], supporting multi-
ple input modalities, including stereo and RGB-D cameras;
RTG-SLAM [41] features a compact Gaussian representa-
tion and a highly efficient on-the-fly Gaussian optimiza-
tion scheme, achieving high-quality reconstruction with low
memory cost; GPS-SLAM [42] combines colorized signed
distance fields with 3D Gaussians, significantly improving
reconstruction speed while maintaining high-quality recon-
struction; and MonoGS [34] enables relatively robust track-
ing and reconstruction. In addition, recent studies have
also extended 3D Gaussian Splatting SLAM to dynamic
scenes[27, 23] and semantic segmentation [26]. In contrast,
our work provides a new significance-guided pruning for
3DGS-based SLAM, which effectively improves the ren-
dering quality especially given monocular inputs.

3. MGS-SLAM

The goal of our MGS-SLAM is to estimate camera poses
and reconstruct 3D scenes from monocular input, while
achieving real-time, high-fidelity rendering. As shown in
Figure 2, we introduce a frame-to-model SLAM frame-
work, which performs joint optimization of camera poses
and 3D Gaussians using a sliding-window strategy (Sec-
tion 3.1). To maintain structural compactness for the 3D
Gaussians optimization, the significance of each Gaussian
is quantified by integrating multi-dimensional cues, guid-
ing effective pruning of Gaussians (Section 3.2). Addition-
ally, keyframe depths are estimated online and subsequently
combined with color information to initialize the attributes
of 3D Gaussians (Section 3.3).

3.1. MGS-SLAM Framework

Gaussian Splatting. Our MGS-SLAM is represented
using 3D Gaussians, each parameterized with opacity o
and color ¢;. Among them, the o serves as a weighting fac-
tor in volumetric rendering, while the direction-dependent
¢; is modeled via spherical harmonics (SHs) according to
the viewing direction. In addition, each 3D Gaussian is
characterized by a mean pi;, and variance %%, which de-
fine its spatial position and ellipsoidal shape within the
scene, respectively. The final pixel color ¢, is derived
through volume rendering, where weighted-color contribu-
tions from individual Gaussian ellipsoids are computed and

270
271
272
273
274
275
276
277
278
279
280
281
282
283
284
285
286
287
288
289
290
291
292
293
294
295
296
297
298
299
300
301
302
303
304
305
306
307
308
309
310
311
312
313
314
315
316
317
318
319
320
321
322
323



324
325
326
327
328
329
330
331
332
333
334
335
336
337
338
339
340
341
342
343
344
345
346
347
348
349
350
351
352
353
354
355
356
357
358
359
360
361
362
363
364
365
366
367
368
369
370
371
372
373
374
375
376
371

CVM PAPER ID: 435.

subsequently accumulated, as formulated in Equation (1):

i—1

o= ciai [[(1—-a5), (1)

iEN j=1

where N denotes the number of 3D Gaussians contribut-
ing to the rendering, and the «; is obtained by decaying
o' via a 2D Gaussian function. Specifically, the 2D Gaus-
sians NV (117, X7) on the image plane are derived from the
3D Gaussians N (uw, Zw) through a projective transfor-
mation, as shown in Equation (2).

pr =7 (Tow - pw) , X1 = JIWSwWTJT, (2

where 7 denotes the projection operator, Ty is the esti-
mated camera pose, J represents the Jacobian matrix that
provides a linear approximation of the projection transfor-
mation, and W denotes the camera rotation matrix. This
computation is fully differentiable, allowing for the itera-
tive optimization of the 3D Gaussians’ color, scale, rota-
tion, opacity, and position under photometric loss or other
relevant constraints.

Tracking. We employ a frame-to-model pipeline for
camera pose optimization, where the photometric loss in-
tegrates opacity and image gradient cues, as formulated in
Equation (3).

Lynot = E[8(G, Tow) © |[1G, Tow)(Mya) — T(Mya) ]

3)

where S (G, Tow ) denotes the accumulated opacity of the
Gaussians G from Tew, I (G, Tow ) denotes rendered im-
age, I is an observed image, and M ta denotes the mask ob-
tained from image gradients, which are computed using a
Scharr filter. The image is divided into multiple blocks, and
M4 is determined for each block according to its median
gradient, as formulated in Equation (4).
True , if D; > fD;,

Mya = { False , else JDj < fDmi, “)
where D; denotes the j-th gradient in the i-th block, D,,;
denotes the mean gradient of the i-th block, and f is a scal-
ing factor.

Pixel regions exhibiting pronounced color variations are
identified by M4, as they generally correspond to robust
texture features that contribute to improved tracking accu-
racy. In addition, the accumulated opacity s,, computed as
shown in Equation (5), is rendered and subsequently used
for adjusting the loss weighting.

N

sp:1—H(1—a,-). (5)

=1

Incorporating the accumulated opacity into pose estimation
can mitigate the interference with tracking accuracy caused
by insufficient reconstruction. With above loss function,
tracking is carried out for [t; iterations, yet the iterations
are stopped early whenever the magnitude of the pose up-
date drops below ;.

Mapping with Significance-Guided Pruning. In the
mapping process, 3D Gaussians are optimized and cam-
era poses are fine-tuned using a sliding-window approach.
Specifically, each sliding window comprises the two most
recent keyframes along with n additional keyframes whose
overlap coefficient (OC) with the current keyframe exceeds
a predefined threshold 7.x,, where OC is defined as the in-
tersection of 3D Gaussians observed by the two frames di-
vided by the number of Gaussians observed by the frame
with fewer observations. A Gaussian is considered ob-
served by a frame if it is used in the rasterization process
and its ray’s s, is below 0.5. To dynamically maintain
the window, when the window size exceeds its maximum
capacity, the keyframe that exhibits large global distance
from the nearest keyframe while maintaining high spatial
redundancy with neighboring views is removed to preserve
a more uniform inter-frame spacing within the keyframe
distribution. Specifically, we compute the inverse distance
between each frame’s pose and those of the other frames in
the window, summing these distances to quantify spatial re-
dundancy, with higher values indicating greater redundancy.
During optimization, to alleviate the issue of catastrophic
forgetting, two keyframes randomly sampled from those
outside the local window are included in the optimization
process. A photometric loss, as formulated in Equation (6),
is used to jointly optimize the 3D Gaussians and p nearest
camera poses within the local window.

Lphoms =F [||I(gaTCW) - ‘[le] . ©)

To prevent 3D Gaussians from being abnormally elon-
gated along certain directions due to insufficient viewing
constraints, an anisotropy penalty, as formulated in Equa-
tion (7), is imposed on their scales. This serves to improve
the robustness of 3D Gaussian inference during novel-view
synthesis.

1G]
Fiso=E | Y lls3a — Szall, | » (7)
i=1

where s34 denotes the 3 scales of each 3D Gaussian, 534
represents the mean value of the 3 scales. Accordingly, the
final loss function is formulated as Equation (8):

Lphom = Z Lzhoms + AiSOF’iSO7 (8)
Vkew

where W represents the set comprising keyframes within
the local window together with two randomly selected
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keyframes, k£ denotes the index of a keyframe within W,
and \;, is a weighting factor.

For 3D Gaussian Splatting SLAM, the incorporation of
keyframe-based 3D Gaussian initialization facilitates effi-
cient scene reconstruction and enhanced representation of
fine-grained details. However, although increasing the num-
ber of 3D Gaussian primitives enables the preservation of
richer scene information, it simultaneously leads to a sub-
stantial increase in parameter dimensionality during map-
ping and optimization, thereby imposing heavy memory de-
mands and compromising the computational efficiency of
the SLAM system. Moreover, unavoidable popping arti-
facts degrade the fidelity of the reconstructed 3D scene and
can substantially impair the tracking performance of frame-
to-model methods. Traditional pruning strategies, which
evaluate 3D Gaussians based solely on opacity, are insuf-
ficient for comprehensively measuring their significance.
Consequently, locally detailed or structurally complex re-
gions may lose critical Gaussian primitives, which can ad-
versely affect both tracking stability and overall reconstruc-
tion quality. To address this, we propose using a global sig-
nificance score to quantify the significance of 3D Gaussian
primitives and develop a corresponding pruning strategy to
integrate it into the backend of visual SLAM framework,
following adaptive densification.

3.2. Significance-Guided Pruning.

Global Significance Scores. In the backend, global sig-
nificance scores are computed for all keyframes within the
local window. Specifically, for each keyframe, the 3D Gaus-
sians within the view frustum are projected onto the pixel
plane via a rasterizer, and their contributions to pixel render-
ing are computed. By incorporating the opacity and scale
attributes of each Gaussian, the global significance scores
are then derived, as formalized in Equation (9).

mhw 7j—1
GSj =Y 1(Gr)-a;- [[U—ar)-v(Z), ©
i=1 k=1

where m denotes the number of camera frames used for
the parameter computation, h denotes the image height,
and w denotes the image width, G; denotes the j-th Gaus-
sian in the 3D scene, and let 1(G;,r;) indicate whether
the j-th Gaussian contributes to the rendering of the i-th
pixel, taking a value of 1 if it contributes and O otherwise.
a;j - i;i (1 — ay) denotes the weight of the j-th Gaus-
sian contributing to the rendering of the i-th pixel. Since a
single Gaussian may participate in the rendering of multi-
ple pixels, all pixels are traversed to accumulate the num-
ber of times each primitive contributes. In the computa-
tion of global significance scores, a 3D Gaussian is consid-
ered more significant if it contributes greater weight across
a larger number of rendered pixels. Moreover, since a

higher-volume 3D Gaussian generally contributes more to
rendering for both the training viewpoints and novel views,
it is therefore typically more significant. However, using
Gaussian volume alone tends to overemphasize background
Gaussians, leading to excessive pruning of Gaussians mod-
eling fine geometry. To address this issue, v (X£;) is com-
puted based on the scales of each 3D Gaussian, thereby
modulating the influence of its volume on the global signif-
icance score robustly. The computation of v (X,) is defined

in Equation (10).
V(®) 71), (10)

max 90

’Y (EJ) = (V;lorm )B 5 ‘/;10rm = min (

where V,,orm € (0,1] denotes the normalized volume of
the 3D Gaussian, 3 is a hyperparameter, Vi,.x90 denotes
the volume at the 90th percentile of all 3D Gaussians in
the scene, after sorting them in ascending order by volume.
In addition, V(X)) = %ﬂ'abc, where a, b, and ¢ denote the
scales of the 3D Gaussian along its three axes.

Preventing Catastrophic Map Forgetting. Global sig-
nificance scores provide a means to assess the significance
of 3D Gaussian primitives; however, using these scores as
the sole criterion for pruning can lead to substantial forget-
ting, since the local window’s field of view may not fully
capture the global scene. Although this could be mitigated
by rendering from all viewpoints rather than only those
in the local window to obtain a more globally represen-
tative significance measure, such an approach incurs con-
siderable computational overhead. To address this, we di-
rectly preserve 3D Gaussians with opacity above a threshold
Ta, Which typically encode key structural elements of the
scene, as well as primitives with participation counts below
a threshold 7., which may fall outside the local window’s
view frustum. Specifically, after excluding the primitives
exempted from significance-guided pruning, the remaining
Gaussians are sorted by their global significance scores,
and pruning is applied according to a pre-defined ratio 7,.
This approach enables efficient integration of significance-
guided pruning into our visual SLAM pipeline, mitigating
map forgetting while maintaining a compact yet faithful 3D
Gaussian splatting scene.

Co-visibility-Guided Pruning. For monocular 3D
Gaussian splatting SLAM, the optimized 3D Gaussian
primitives often exhibit rendering artifacts due to the lack of
geometric priors, which can compromise both tracking and
reconstruction fidelity. This issue is especially pronounced
for Gaussians inserted by newly selected keyframes, as they
are typically constrained by fewer viewpoint observations.
To address this, we perform co-visibility-guided pruning
within the local window after backend optimization in ac-
cordance with multi-view consistency. Specifically, visibil-
ity checks are conducted across all keyframes in the local
window, and any 3D Gaussian observed by at most two
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keyframes and inserted by the three most recent keyframes
is pruned. This strategy allows newly inserted Gaussians to
more robustly encode the scene while mitigating the impact
of multi-view inconsistencies on tracking performance.

3.3. Keyframe-Based 3D Gaussian Initialization

New Keyframe Decision. After obtaining an initial es-
timate of the camera pose in the frontend, a keyframe selec-
tion strategy is employed to determine whether to add new
keyframes. Once selected, the new keyframe is incorpo-
rated into the current local window, where joint optimiza-
tion of the 3D Gaussians and camera poses is conducted in
the backend. In this process, overly sparse keyframes may
lead to insufficient viewpoint coverage, hindering the ac-
curate optimization of 3D Gaussians, whereas overly dense
keyframes increase computational overhead and may cause
greater accumulation of tracking errors. Keyframe selec-
tion is performed by jointly considering frame interval, co-
visibility ratio, and inter-frame distance, where co-visibility
ratio is defined as the intersection of 3D Gaussians observed
by the two frames divided by their union. Specifically, a
frame is selected as a keyframe if it satisfies either of the fol-
lowing conditions: (1) the translational distance to its near-
est keyframe exceeds T¢q D, Where D, is the median
value of the depth map rendered for the current frame, and
the frame is separated by at least 7y frames; (2) the trans-
lational distance exceeds Ttmmf)m, the co-visibility ratio
exceeds 7y, and the frame interval is at least 7 frames. By
jointly considering inter-frame distance and co-visibility ra-
tio, the proposed criterion captures both camera motion at
the pose estimation level and variations in scene coverage
at the reconstruction level, facilitating more accurate and
efficient 3D scene reconstruction.

3D Gaussian Initialization. Monocular visual SLAM
systems, which rely solely on color information for pose
estimation, are prone to tracking drift due to inconsisten-
cies across multiple views. When combined with 3D Gaus-
sian splatting, the lack of geometric priors further limits re-
construction accuracy, as the system has insufficient con-
straints to reliably recover the 3D scene structure. To ad-
dress these issues, we propose a depth-enhanced monocular
visual SLAM framework, which tightly integrates a monoc-
ular depth estimation network into the system frontend.
This integration compensates for the inherent lack of depth
observations and improves both tracking and mapping per-
formance. Specifically, we employ the DPT [44] monoc-
ular depth estimation model pre-trained on the Omnidata
scanning datasets, which provides high computational effi-
ciency while producing robust and accurate depth predic-
tions across diverse scenes. To maintain efficiency, depth
estimation is performed only on selected keyframes. Using
the keyframe images and their corresponding depth maps,
along with the preliminarily estimated camera poses and

intrinsic parameters, the 3D spatial coordinates and color
attributes of pixels are computed via back-projection. Ran-
dom downsampling is then applied to selected points for the
center positions and color attributes of 3D Gaussian primi-
tives, while the scale parameters of each Gaussian are ini-
tialized based on distances to their nearest neighbors using
a KNN-based approach. By providing accurate depth priors
for the initialization of 3D Gaussians, the proposed frame-
work improves both the efficiency and the quality of scene
reconstruction.

4, Evaluation

We conduct a comprehensive evaluation of our MGS-
SLAM, comprising both qualitative visualizations and
quantitative comparisons on real-world and synthetic
datasets for 3D Gaussian Splatting—based reconstruction
and camera localization. Subsequently, ablation studies are
conducted to highlight the contributions of the depth esti-
mation module and the significance-guided Gaussian prun-
ing strategy.
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Figure 3. Camera trajectory comparison on TUM datasets.

Table 1. Camera tracking results on TUM datasets. ATE RMSE in
cm is reported.
Method fri/d  fr2/x  fr3/o Avg.
DSO [9] 22.40 | 1.10 9.50 11.00
ORB-SLAM3 [2] | 4.33 10.46 123.23 46.01
DepthCov-VO [7] | 5.60 1.20 68.80 25.20
DROID-VO [53] 5.20 10.70  7.30 7.73

MonoGS [34] 380 465 3.60  4.02
DepthGS [75] 967 - - -
Ours 209 335 210 251
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Figure 5. Some qualitative comparison of rendering results between our MGS-SLAM and other methods on TUM datasets.

4.1. Experimental Setup

Datasets. We evaluate MGS-SLAM on the widely
adopted real-world TUM [50] datasets, which were cap-
tured using a Microsoft Kinect sensor and contain diverse
indoor scenes with rich geometric structures, photometric
variations, as well as moderate dynamic objects. Further-
more, we conducted experiments on the synthetic Replica
[49] datasets, which offer high-resolution textures and ex-
tensive camera motion trajectories, enabling a more thor-
ough evaluation of our MGS-SLAM.

Implementation Details. Our experiments are con-
ducted on a computer equipped with an Intel Core i9-

12900F 2.4 GHz CPU and a single NVIDIA GeForce RTX
4090 GPU. For tracking, the number of iterations It; is
set to 100 on TUM [50] datasets and 3000 on Replica [49]
datasets, with a convergence threshold of 7, = 10~* in both
cases. Mapping optimization is performed for 150 iterations
on TUM [50] and 300 iterations on Replica [49]. Local
window maintenance is configured to preserve spatial cov-
erage while controlling redundancy: for TUM [50], we set
Teko = 0.3, n = 6, and p = 3; for Replica [49], Tcro = 0.4,
n = 8, and p = 5. Keyframe selection was governed by
frame interval, co-visibility ratio, and inter-frame distance:
for TUM [50], we set 7f = 5, Tep, = 0.9, Tymae = 0.08
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MonoGS

DepthGS

Figure 6. Some qualitative comparison of rendering results between our MGS-SLAM and other methods on Replica datasets.

and Ty, = 0.05; for Replica [49], 77 = 2, 7, = 0.975,
Ttmaz = 0.02 and 74,4, = 0.01. Pruning of 3D Gaussians
was controlled by 7, = 0.7, 7. = 5, § = 0.1, with pruning
ratio 7, = 0.85 for TUM [50] and 7, = 0.95 for Replica
[49]. The mapping loss function incorporated an anisotropy

penalty weight \;s, = 10 for both datasets. These settings
ensured stable convergence and high-fidelity reconstruction
in our 3D Gaussian Splatting SLAM pipeline.

Metrics. In our experiments, camera pose estimation is
quantitatively evaluated using the Root Mean Square Error
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w/o SP & w/o DE

fr2/x

Figure 7. Ablation study of rendering results on the fr2/x sequence of the TUM datasets.

Table 2. Camera tracking results on Replica datasets. ATE RMSE in cm is reported.

Method o0 ol 02 03 o4 0 rl r2 Avg.
ORB-SLAM3 [2] 110.21 10395 6536  51.15  1.19 5139 2638 433 51.75
DROID-SLAM [53] | 53.27 3443 11931 98.09 83.73 103.89 53.15 6694 76.60
MonoGS [34] 56.54 2493 4159 1229 81.78 10.15 6827 29.74 40.66
DepthGS [75] 22.00 11.00 - - - - 10.50 - -
Ours 3.12 1.99 1.37 2.03 1141 1.21 35.65 1.05 7.23

Table 3. Average rendering performance of our method compared to state-of-the-art methods on TUM and Replica datasets.

Datasets | Metric GO- NICER- MoD- Photo- Mono Q-SLAM  Depth Ours
SLAM [74] SLAM [76] SLAM [24] SLAM[14] GS[34] [40] GS[75]
PSNRT | - - - 19.68 21.88 - 17.16 22.36
TUM SSIMT | - - - 0.693 0.731 - 0.654 0.745
LPIPS| | - - - 0.268 0.330 - 0.487 0.317
PSNRT | 22.13 25.41 27.31 29.28 29.25 32.49 19.92 34.53
Replica | SSIM?T | 0.730 0.827 0.850 0.883 0.890 0.890 0.678 0.932
LPIPS| | - 0.191 - 0.139 0.210 0.170 0.478 0.134

Table 4. Quantitative Rendering performance of our method com-
pared to state-of-the-art methods on TUM datasets.

Method Metric fri/d  fr2/x  fr3/o
PSNRT | 18.81 21.35 18.88
Photo-
SLAM [14] SSIMT | 0.681 0.727 0.672
LPIPS] | 0.329 0.187 0.289
Mono PSNRT | 21.10 2243 22.11
GS [31] SSIMT | 0.707 0.727 0.760
LPIPS] | 0.351 0.286 0.353
Depth PSNRT | 17.72 18.30 15.45
GS [75] SSIMT | 0.707 0.741 0.515
LPIPS] | 0436 0.391 0.635
PSNRT | 21.39 23.22 22.47
Ours SSIMT | 0.715 0.750 0.770
LPIPS] | 0.351 0.258 0.343

(RMSE) of the Absolute Trajectory Error (ATE) computed
over selected keyframes. To assess the fidelity of the recon-
structed 3D scene, we employ standard photometric met-
rics, including Peak Signal-to-Noise Ratio (PSNR), Struc-
tural Similarity Index (SSIM), and Learned Perceptual Im-
age Patch Similarity (LPIPS), following the evaluation pro-
tocol established by MonoGS [34].

Baseline Methods. To comprehensively assess the per-
formance of our method, we conducted both quantitative

and qualitative comparisons on two benchmark datasets
against MonoGS [34] and DepthGS [75], using their pub-
licly available implementations, as they represent the state-
of-the-art methods for monocular 3D Gaussian Splatting
SLAM. Furthermore, we include comparisons with other
advanced methods, such as NICER-SLAM [76], Photo-
SLAM [14], and Q-SLAM [40] for a broader evaluation.

4.2. Quantitative Evaluation

Camera Tracking Accuracy. Table | reports the track-
ing results of our method on TUM [50] datasets, together
with comparisons to state-of-the-art methods. Our method
achieves accurate tracking across three sequences, yielding
the best average performance and attaining the highest accu-
racy on frl/desk and fr3/office. Although the performance
on fr2/xyz is slightly lower than that of DSO [9], our system
surpasses MonoGS [34], which is also a Gaussian Splatting
based SLAM framework employing a frame-to-model opti-
mization pipeline. Moreover, compared with DepthGS [75],
a frame-to-frame SLAM system built upon the 3D Gaus-
sian Splatting representation, our approach achieves signif-
icantly higher tracking accuracy on fr1/desk, demonstrating
the advantage of our pose estimation strategies.

Table 2 reports the tracking results of our method on the
Replica [49] datasets, together with comparisons to state-of-
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Table 5. Quantitative rendering performance of our method compared to state-of-the-art methods on Replica datasets.

Method Metric o0 ol 02 03 o4 r0 rl r2
PSNRT | 28.54 25.86 2195 26.13 2547 2533 2392 26.12
NICER-SLAM [76] | SSIMT | 0.866 0.852 0.820 0.856 0.865 0.751 0.771 0.831
LPIPS] | 0.172 0.178 0.195 0.162 0.177 0.250 0.215 0.176
PSNRT | 3442 32.38 28.08 28.06 3040 2642 27.08 27.43
Photo-SLAM [14] SSIMT | 0.940 0.904 0900 0.886 0.921 0.787 0.841 0.889
LPIPS] | - 0.113 0.131 0.132 0.109 0.221 0.177 0.138
PSNRT | 34.59 3459 2659 29.28 27.13 27.95 26.29 27.55
MonoGS [34] SSIM1T | 0.932 0.933 0.888 0906 0.902 0.857 0.813 0.888
LPIPS] | 0.167 0.170 0.240 0.165 0.251 0.168 0.268 0.247
PSNRT | 24.87 26.69 19.23 1348 1420 21.54 2229 17.03
DepthGS [75] SSIMtT | 0.796 0.869 0.772 0.421 0.521 0.784 0.753 0.508
LPIPS] | 0.399 0306 0.377 0.681 0.612 0.391 0420 0.638
PSNRT | 36.71 39.00 3524 3439 3214 3275 29.02 36.96
Ours SSIMT | 0.949 0.957 0941 0939 0.937 0.928 0.851 0.956
LPIPS| | 0.131 0.122 0.129 0.111 0.160 0.104 0.215 0.099

Table 6. Timing analysis.

System Rendering
Time [s] FPS | Time [s] FPS
1119.13  3.04 3.67 926.98

Table 7. Tracking results of ablation study on TUM and Replica
datasets. ATE RMSE in cm is reported.

Methods fri/d  fr2/x  fr3/o 10
w/oSP& w/oDE | 3.66 4.61 3.58 10.07
w/o SP 4.62 327 270 296
w/o DE 3.09 442 3.04 14.11
w/o MP 8242 354 645 221
Ours (DA3) 220 088 270 1.22
Ours (DPT) 2.09 335 210 1.21

the-art methods. Our method achieves the highest accuracy
on six sequences and the best average performance. The
lower performance on the 04 and rl sequences may be at-
tributed to the challenging camera trajectories, which pose
difficulties for joint optimization of camera poses and the
Gaussian scene representation, yet the method still outper-
forms MonoGS [34].

Rendering performance. Table 3 and Table 4 report
the rendering performance of our method on the TUM
[50] datasets, together with comparisons to state-of-the-art
methods. Our MGS-SLAM achieves the highest scores in
PSNR and SSIM across all three sequences and is compa-
rable to Photo-SLAM [14] in LPIPS, demonstrating its su-
perior rendering fidelity compared with existing methods.
The relatively superior LPIPS performance of Photo-SLAM
[14] can be attributed to its multi-scale pyramid representa-
tion. It is noteworthy that our method is fully compatible
with hierarchical representations and can be extended with
a hierarchical 3D Gaussian Splatting strategy [46] to further
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Table 8. Rendering performance of ablation study on TUM and
Replica datasets.

Methods Metric fri/d  fr2/x  fr3/o0 10

PSNRT
SSIM 1t
LPIPS,

21.10
0.707
0.351

22.54
0.730
0.284

22.30 29.69
0.766  0.897
0.348 0.155

w/o SP
& w/o DE

PSNR?
SSIM?
LPIPS,

21.19
0.713
0.348

22.85
0.746
0.266

22.42  30.06
0.767 0.886
0.345 0.153

w/o SP

PSNR?
SSIM1
LPIPS,

21.15
0.709
0.353

22.37
0.731
0.282

22.39  30.09
0.768  0.905
0.346 0.148

w/o DE

17.22
0.600
0.487

23.17
0.745
0.259

21.82 3197
0.756  0.920
0.362 0.109

PSNR?
SSIM?
LPIPS,

w/o MP

PSNRT
SSIM?T
LPIPS|

21.39
0.717
0.334

24.73
0.797
0.212

2249 3252
0.769 0.924
0.340 0.102

Ours (DA3)

PSNRT
SSIM1
LPIPS|

21.39
0.715
0.351

23.22
0.750
0.258

2247 3275
0.770  0.928
0.343  0.104

Ours (DPT)

enhance the expressive capacity of the scene model. This
direction will be explored in future work.

The rendering performance of our method on the Replica
[49] datasets is further reported in Table 3 and Table 5
against other state-of-the-art methods.  Our approach
achieves nearly the best performance across all sequences
on the three rendering metrics and attains the highest aver-
age scores, demonstrating its clear advantage in capturing
scene details and producing high-fidelity renderings.

Timing Analysis. To quantify the computational perfor-
mance of our system, we measure the total runtime required
to process all frames of the TUM [50] fr2/xyz datasets, and
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compute the average processing time by dividing the total
runtime by the number of frames. Furthermore, all scene
images are rendered sequentially, and the average render-
ing speed is computed in the same manner. As reported in
Table 6, our system supports tracking and reconstruction at
3.04 FPS, while achieving a rendering speed of 926.98 FPS.
This demonstrates that our method effectively highlights the
rendering efficiency advantages of 3D Gaussian Splatting
and enables scene reconstruction at a considerable speed.

4.3. Qualitative Results

Camera Tracking Trajectories. As shown in Figure 3
and Figure 4, we visualize the camera tracking trajecto-
ries and compare them with the MonoGS [34], which also
uses a frame-to-model pipeline and achieves high track-
ing accuracy. On TUM datasets [50], our method follows
the ground-truth camera trajectory (shown as dashed lines)
more closely, demonstrating accurate and robust tracking.
Furthermore, on Replica [49] datasets, we provide a more
extensive comparison of camera trajectories. Our method
consistently achieves accurate tracking across trajectories
involving various types of motion.

Qualitative Rendering Comparison. As shown in Fig-
ure 5 and Figure 6, we reproduced two state-of-the-art
methods, MonoGS [34] and DepthGS [75], using their pub-
lic implementations, and performed extensive comparisons
of their rendering results across all sequences. Our method
robustly reconstructs all scenes with high fidelity, capturing
richer and more realistic details than these baselines.

4.4. Ablative Analysis

To evaluate the effectiveness of our strategies, we
conducted ablation experiments on the TUM [50] and
Replica [49] datasets. Specifically, for the variant without
significance-guided pruning (w/o SP), 3D Gaussians with
opacity lower than 0.7 are pruned. For the ablation of the
3D Gaussian initialization (w/o DE), the depth estimation
network was not used; instead, the depth values are directly
set to 2 with added random noise in the range of +0.3. For
the ablation of co-visibility-guided pruning (w/o MP), we
preserve all newly inserted Gaussians. In addition to the
DPT [44] depth estimation network primarily evaluated in
this work, we also conducted experiments using DA3 [29]
to validate the effectiveness of incorporating a depth esti-
mation network for Gaussian initialization. As shown in
Table 7, all of our strategies significantly improve tracking
accuracy, and Table 8 further shows improvements in ren-
dering quality. Moreover, we provide a qualitative evalua-
tion of their rendering performance on the fr2/x sequence
of the TUM [50] datasets in Figure 7, further demonstrating
the effectiveness of our strategies.
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4.5. Limitations

While our MGS-SLAM demonstrates strong perfor-
mance in both camera tracking and 3D scene reconstruc-
tion, it still exhibits several limitations. The current
frame-to-model incremental reconstruction strategy ensures
higher geometric consistency, but incurs increased com-
putational cost for pose estimation compared to frame-to-
frame methods. Importantly, our 3D Gaussian initialization
and significance-guided pruning strategies are fully com-
patible with frame-to-frame tracking frameworks, offering
potential for future integration to balance efficiency and fi-
delity. As shown in Figure 8, our rendering results on the
ScanNet++ [07] sequence indicate that our MGS-SLAM
may be challenged by scenes containing prominent non-
Lambertian surfaces, owing to the degradation of multi-
view consistency and the inherent limitations of 3D Gaus-
sians in modeling color anisotropy. Incorporating semantic
priors or reflectance-aware modeling may improve robust-
ness in such non-ideal scenes and enhance the overall fi-
delity of the reconstructed 3D Gaussians. We leave these
directions for future exploration.

GT Ours
Figure 8. Qualitative rendering results on ScanNet++ datasets,
with prominent non-Lambertian regions highlighted.

5. Conclusions

We present MGS-SLAM, a system that leverages a
frame-to-model pipeline that jointly optimizes camera
poses and 3D Gaussians within a sliding-window frame-
work, ensuring globally consistent 3D Gaussian represen-
tations for high-fidelity rendering with the significance-
guided pruning. Experimental results on the public datasets
demonstrate that our method significantly improves both
tracking accuracy and rendering fidelity, outperforming ex-
isting monocular SLAM methods. We hope this work will
inspire further research on more robust and accurate monoc-
ular SLAM systems, broadening their potential applications
in real-time 3D perception.
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