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Abstract— Gaussian Splatting SLAM methods have exhibited
impressive high-fidelity rendering performance. Existing meth-
ods maintain high rendering quality around the current camera
viewpoint, but the rendering quality degrades in previously
observed regions as the camera moves away, particularly in
real-world scenarios. We identify two core factors for high-
quality rendering: keyframes should efficiently cover the entire
scene while minimizing redundancy, and the mapping strategy
should effectively select critical keyframes for full scene opti-
mization. To address these issues, we propose SupGS-SLAM to
improve rendering quality across the entire scene. For effec-
tive keyframe management, we propose an efficient keyframe
strategy, which reduces redundant keyframe selection and pri-
oritizes the optimization of critical keyframes by assigning high
weights. For enhanced mapping, we propose a supplementary
mapping strategy comprising three components: supplementary
densification, supplementary global mapping, and supplemen-
tary depth mapping. In supplementary densification, we add
supplementary Gaussian primitives to previous regions with
insufficient representation. In supplementary global mapping,
we select keyframes globally to optimize the full scene. In sup-
plementary depth mapping, we use estimated depth to optimize
regions without ground-truth depth. Extensive experiments
demonstrate that SupGS-SLAM achieves excellent performance
on both synthetic and real-world datasets. The project page is
available at https://github.com/rucliushuai/SupGS-SLAM.

I. INTRODUCTION

Simultaneous localization and mapping (SLAM) is a key
technology for embodied intelligence, virtual reality (VR),
and augmented reality (AR) [I]-[5]. The goal of SLAM
is to estimate camera poses while constructing an accurate
scene map in unknown environments. Traditional visual
SLAM methods [6]-[13] have achieved remarkable progress.
However, they struggle to effectively construct and optimize
fine-grained maps.

For high-quality reconstruction, several methods [14]-[18]
use neural radiance fields (NeRF) [19] for dense scene rep-
resentation. These methods leverage multi-layer perceptrons
(MLPs) as the implicit neural representation of scenes. How-
ever, due to the expensive differentiable volume rendering,
these methods struggle to achieve fast image rendering,
which limits their applications in real-time scenarios.

Recently, 3D Gaussian Splatting [20] has been proposed.
Due to its fast and high-quality rendering capabilities, it
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Fig. 1. With the efficient keyframe strategy and supplementary mapping,
SupGS-SLAM maintains high rendering quality across the entire scene.
has become a hot research topic and facilitated significant
progress in SLAM tasks. Compared to NeRF-based methods,
which leverage implicit neural representations, 3D Gaussian
Splatting represents scenes explicitly using a set of Gaussian
primitives. This explicit representation enables it to accu-
rately represent scenes and easily adapt to new scenes by
adding, modifying, or removing Gaussian primitives.

Significant achievements have been made in Gaussian
Splatting SLAM [21]-[26]. However, most of these meth-
ods achieve high rendering quality near the current camera
position, while failing to maintain high rendering quality
for previously observed regions. This phenomenon is more
pronounced in real-world scenarios with motion blur and
sparse ground-truth depth.

We identify that the key to this phenomenon in these
methods lies in two aspects: redundant keyframes and the
failure to exploit the most critical keyframes for mapping.

To address these problems, we propose SupGS-SLAM, a
Gaussian Splatting SLAM method to improve the rendering
quality of the entire scene, as shown in Fig. 1. For effi-
cient keyframe selection, we introduce a keyframe selection
strategy based on view overlap between keyframes, which
constructs a keyframe list covering the entire scene using
a small number of keyframes. We assign each keyframe
a weight based on its timestamp of last optimization and
rendering quality, and prioritize the optimization of the
keyframes with low rendering quality or long unoptimized
periods. For enhanced mapping performance, we propose a
supplementary mapping strategy, encompassing supplemen-
tary densification, supplementary global mapping, and sup-
plementary depth mapping. Specifically, in the supplemen-
tary densification process, we add supplementary Gaussian
primitives to previously observed regions that are not well
represented by existing Gaussian primitives. In the supple-
mentary global mapping process, we randomly sample a set
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of points across the entire scene, select a list of keyframes
to cover these points as comprehensively as possible, and
then jointly optimize these keyframes to improve the entire
scene representation. In the supplementary depth mapping
process, we optimize the regions that lack ground-truth depth
by leveraging estimated depth. Through the integration of
these strategies, the rendering quality of the entire scene is
significantly improved.

Extensive experiments on Replica [27], ScanNet [28], and
TUM-RGBD [29] datasets demonstrate that SupGS-SLAM
performs well on both synthetic and real-world datasets.
The method enables accurate tracking and mapping, while
significantly reducing the number of redundant keyframes.
Furthermore, the rendering quality of the method on real-
world datasets is substantially improved.

Our contributions are summarized as follows:

(1) We propose SupGS-SLAM, a Gaussian Splatting
SLAM method that maintains high rendering quality across
the entire scene.

(2) We propose an efficient keyframe strategy to reduce
redundant keyframes and assign weights to prioritize the
optimization of critical keyframes.

(3) We propose a supplementary mapping strategy to
improve the reconstruction quality of the entire scene.

II. RELATED WORK
A. Dense Visual SLAM

Dense Visual SLAM aims to construct dense maps of
scenes. BundleFusion [6] uses a single framework to robustly
estimate globally optimized poses in real-time. ElasticFu-
sion [7] supports accurate real-time mapping in complex
scenes with variable lighting conditions. BAD-SLAM [§]
presents a fast direct bundle adjustment formulation, which
can be applied in real-time SLAM systems. DTAM [9] does
not rely on feature extraction but on every pixel, and tracks
camera poses via image alignment.

B. NeRF-Based SLAM

Due to high reconstruction quality, neural radiance fields
(NeRF) [19] have been widely used in SLAM tasks.
iMAP [14] uses a multilayer perceptron (MLP) as the only
scene representation in real-time SLAM. Vox-Fusion [15]
encodes and optimizes the scene using a voxel-based neural
implicit surface representation. Point-SLAM [16] iteratively
generates a point-based neural scene representation to con-
duct tracking and mapping processes. NICE-SLAM [17] in-
troduces a hierarchical scene representation and incorporates
multi-level local information for detailed reconstruction.
ESLAM [18] uses multi-scale axis-aligned perpendicular
feature planes and shallow decoders for scene representation.

C. Gaussian-Splatting-Based SLAM

Recently, Gaussian Splatting [20] has been proposed for
fast and high-quality rendering, and this technology has
significantly improved the performance of the methods in
SLAM tasks. Gaussian Splatting SLAM [21] utilizes Gaus-
sians as the scene representation for accuracy and efficiency.

GS-SLAM [22] utilizes a real-time differentiable splatting
rendering pipeline for efficient optimization and rendering.
RTG-SLAM [23] proposes a new way for depth rendering
to better fit local surface regions. SplaTAM [24] utilizes
a silhouette mask to represent the density of the scene.
SGS-SLAM [25] and Hier-SLAM [26] introduce semantic
information into Gaussian primitives for better rendering.

I1I. METHOD

The framework of SupGS-SLAM is shown in Fig. 2.
We use Gaussian primitives for scene representation. In the
tracking process, the camera pose of the current frame is es-
timated, and in the mapping process, the scene is optimized.
With the proposed keyframe strategy, we reduce redundant
keyframes and assign weights to keyframes to prioritize the
optimization of those with low rendering quality or long
unoptimized periods.

A. Scene Representation

For simplicity and convenience, we use A isotropic Gaus-
sian primitives to represent the scene:

gi:{,uiariaoiaci}yiz1,---,9\£ (1)

where U; € R3 is the geometric center, r; € RT is the radius,
0; € [0,1] is the opacity, and ¢; € R3 is the color. The
Gaussian primitives change dynamically during the entire
process to adapt to the observed scene.

A point in the 3D space x € R? is influenced by a Gaus-
sian primitive according to the standard Gaussian equation
weighted by opacity:

&

YR X =
f,(x)o,exp( 72",'2 > 2)

Using the rendering method proposed in [20], Gaussian
primitives are rendered to RGB images. Specifically, a Gaus-
sian primitive G; is splatted into 2D pixel-space:

E L Ir;
pP =g T (B, )
d; d;

where u?P is the 2D geometric center, 7P is the 2D radius,
K is the camera intrinsic matrix, E; is the camera extrinsic
matrix at timestamp ¢, / is the focal length, d; is the depth
of the Gaussian primitive in camera coordinates.

After sorting the Gaussian primitives from front-to-back
in depth order, the RGB map is rendered through alpha-
compositing. Specifically, for a pixel p = (u,v) in 2D pixel-
space, the rendered color C}, is computed as follows:

n i—1
Cp:;Ci izD(P)HU* ,‘ZD(P)) 4

j=1

where ¢; is the color of the i-th Gaussian primitive G;, /P (p)
is the standard Gaussian equation weighted by opacity by
replacing 3D geometric center y; and radius r; with the 2D

geometric center uizD and radius riZD .
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Fig. 2. The overview of SupGS-SLAM. The scene is represented by Gaussian primitives. In the tracking process, the current camera pose is estimated
by minimizing the tracking loss. If there is a low overlap rate between the current frame and the already selected keyframes, we select the current frame
as a keyframe and assign a weight to it. Keyframes with low rendering quality or long unoptimized periods are assigned high weights. In the mapping
process, we select the top-K keyframes with the highest weights and overlap with the current frame, and in the supplementary global mapping process,
we select keyframes to cover the entire scene. The selected keyframes are used to jointly optimize the scene.

Following [24], the depth map D and silhouette map S are
rendered similarly to the color map:

Dy =Y dif° (o) [T(1 - °(p) )
i=1 =1
n i—1
Sp=Y ) [T - £ @) (6)
i=1 =1

B. Keyframe Strategy

Keyframe Selection. Keyframe selection aims to select a
small number of critical keyframes for optimization, instead
of processing every frame. Some methods [24]-[26] select
keyframes at a constant time interval, but this strategy can
lead to redundant keyframes when the camera lingers over
the same scene or revisits previously observed areas.

Therefore, we propose an efficient keyframe selection
strategy. We select the current frame as a keyframe only
when there is a low overlap rate between it and the already
selected keyframes. For the current frame with timestamp ¢,
we randomly sample k pixels in the frame, and convert these
2D pixels into 3D points in the camera coordinate system
using their ground-truth depth. Then these sampled points are
transformed into the global coordinate system via the camera

pose of the current frame. Next, we check whether these
points are covered by the previously selected keyframes.
For sampled points ? = {P, € R® |i=1,...,k} and the
existing keyframe list, we first exclude keyframes that have
large rotations or translations relative to the current frame
to obtain a filtered keyframe list X (where |X| denotes the
number of keyframes in X). Then we project each point P;
onto the image plane of each keyframe K; € X, j=1,...,|X|
to obtain pixel coordinates p; ; = (u; j,vi ;) and depth d; ; in
the keyframe coordinates. If u; ; € [0,W), v; ; € [0,H), and
dije (QDSE} (where W and H are the width and height of
the image, and D&Tj is the ground-truth depth at pixel p; ;),
we consider that the point F; is covered by the keyframe K.
If the ratio of points that are not covered by any keyframe is
higher than a threshold Tieyframe, We select the current frame
as a keyframe since it captures significant new regions.
Keyframe Weighting. Keyframes with low rendering
quality or long unoptimized periods should be prioritized for
optimization. We assign weights to keyframes to prioritize
the optimization of these keyframes. For each keyframe K;,

we compute the weight W; as follows:
W; = (Tp — PSNR;) - (1 — ¢~ *t=Timei)) 7)

where Tp is a large predefined threshold, PSNR; is the
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PSNR value of this keyframe after the last optimization, ¢
is the current timestamp, Time; is the timestamp of the last
optimization, and 7 is a hyperparameter.

C. SLAM System

Tracking. The tracking process aims to estimate camera
poses, including rotations and translations. The camera poses
are estimated by minimizing the differences between the
ground-truth images and rendered maps, while the param-
eters of Gaussian primitives are fixed.

For the first frame, the camera pose is set to a pose with
zero translation and identity rotation, and this camera pose
defines the reference coordinate system.

For a new frame with timestamp ¢, the initial camera pose
E; is computed assuming the transform between the current
frame and the last frame is equal to the transform between
the last frame and the second-to-last frame. Specifically, the
camera pose of the second frame is initialized to be identical
to that of the first frame.

With the initial camera pose, based on the rendered RGB
map C, depth map D, and silhouette map S, the tracking loss
Ly is computed as:

Mt:{(mv), MG[Aw,W—)yw), VE[AH,H—A,H)} (8)

Li=Y [Sp > Tl (Ac|Cp — CST + Ap|Dp — DFT) (9
pEM;
where M; is a mask used to exclude image margins where
rendering quality tends to be low. These margin pixels are
not used for tracking loss computation. W and H are the
width and height of the image, and Ay and Ay are predefined
thresholds. T is a threshold that filters in pixels with high
silhouette values for tracking loss computation. CS’T and
DS’T are the ground-truth RGB and depth values at pixel p.
Additionally, only pixels with ground-truth depth are used for
tracking loss computation. Ac and Ap are hyperparameters
to scale the contributions of RGB loss and depth loss.
Densification. The densification process aims to add
Gaussian primitives for scene representation. We add Gaus-
sian primitives in regions that are inadequately represented.
Following [24], for the first frame, we initialize a Gaussian
primitive for every pixel based on the ground-truth RGB
and depth, and for the subsequent frames, we add Gaussian
primitives using two types of pixels: (1) The silhouette
value of the pixel is lower than a threshold 7gens, indicating
insufficient representation by existing Gaussian primitives.
(2) The rendered depth of the pixel is much higher than its
ground-truth depth, indicating the presence of new geometry.
Mapping. The mapping process aims to optimize the
scene. We select k keyframes to optimize the Gaussian
primitives while keeping the camera poses fixed. For each
selected keyframe, based on the rendered RGB map C and
depth map D, the mapping loss Ly, is computed as:

My ={(u,v), uc[0,W), ve[0,H)}

Lm=Y (AcLc(p)+Ap|Dy—DST))
pEMn

(10)
(1)

where My, denotes the set of pixels used for mapping loss
computation. All pixels contribute to the computation of the
mapping loss. Ac and Ap are hyperparameters that scale the
contributions of RGB loss and depth loss, and L¢(p) is the
RGB loss combining L1 loss and SSIM loss:

Le(p) = a|Cy—C5T |+ (1 — ) (1 —ssim(Cp,CFT))  (12)

where « is a hyperparameter that balances the contributions
of L1 loss and SSIM loss.

We select the current frame, the latest keyframe, and the
k —2 most critical keyframes for mapping. To select the
critical keyframes, we first filter keyframes that overlap with
the current frame, and then select the top k —2 keyframes
with the highest weights. This ensures that keyframes most
in need of optimization are prioritized.

D. Supplementary Mapping

Supplementary Densification. After the mapping pro-
cess, the rendering quality can be maintained at a high level
in the short term, but it degrades as the camera moves away.
The most obvious phenomenon is that some pixels exhibit
low silhouette values, indicating that these pixels cannot
be well represented by Gaussian primitives. As a result,
the rendered RGB and depth values of these pixels differ
significantly from the ground-truth values. This phenomenon
is more pronounced in real-world scenarios due to motion
blur and sparse ground-truth depth.

To solve this problem, we propose a supplementary den-
sification strategy to add supplementary Gaussian primitives
to previous regions that are inadequately represented by
Gaussian primitives. In the mapping process, after selecting
k keyframes and before optimizing them, we add Gaussian
primitives for the pixels whose silhouette values are lower
than a threshold Ty, in these keyframes. Instead of using
ground-truth RGB values, we calculate a supplementary
color ¢ for the Gaussian primitive as follows:

c=(CyT—(1-0)-Cp)/o (13)

where CS’T is the ground-truth color at pixel p, Cp is the
rendered color at pixel p before adding the supplementary
Gaussian primitives, and o is the predefined initial opacity
of the added Gaussian primitive. The supplementary color is
clipped to the valid range. This makes the rendered color of
the pixel match its ground-truth color after addition.

Supplementary Global Mapping. The mapping process
focuses on optimizing the scene near the current frame and
selects keyframes that overlap with it. However, keyframes
corresponding to regions no longer observed by the camera
remain unoptimized, resulting in degraded rendering quality.

To solve this problem, we propose a supplementary global
mapping strategy to globally select keyframes for optimizing
the entire scene. We randomly select 2k keyframes from the
keyframe list and sample n,, 3D points from these keyframes.
For each keyframe, we randomly sample 7, /(2k) pixels and
transform them into 3D points in global coordinates. Next,
we use a greedy strategy to select k keyframes to cover these
points as comprehensively as possible.
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Similar to the method used in keyframe selection, for
each keyframe, we transform the sampled points from global
coordinates into its camera coordinates and count the number
of points that the keyframe can cover. We select the keyframe
that covers the most points. Then we remove the selected
keyframe and the points covered by it, and select the next
keyframe from the remaining keyframe list based on the
remaining points. This process is repeated iteratively until
we select k keyframes. Then we perform supplementary
densification and use these globally selected keyframes for
optimization. This approach optimizes the global scene.

Supplementary Depth Mapping. In the densification
process, only pixels with ground-truth depth are used to add
Gaussian primitives. However, in some scenarios, especially
real-world scenarios, it is common that some regions such
as windows lack ground-truth depth. If these regions persis-
tently lack ground-truth depth, no Gaussian primitives are
used to represent them.

To solve this problem, we propose a supplementary
depth mapping strategy to add Gaussian primitives to posi-
tions lacking ground-truth depth using estimated depth. For
keyframes with a considerable time interval from the current
timestamp, if there are pixels without ground-truth depth and
with silhouette values lower than a threshold Ty,p, we apply
the Depth Anything model [30] to estimate the depth of the
entire image, then align the estimated depth with the existing
ground-truth depth using the least squares method. Using
the estimated depth, we perform supplementary densification
and mapping processes to ensure these regions can be
represented by Gaussian primitives. As shown in Fig. 3, with
the supplementary depth mapping strategy, some regions
such as windows in real-world scenarios can be represented
significantly better.

P S
Without Supplementary Depth Mapping
Fig. 3.
RGBD Dataset [29].

The Visualization of Supplementary Depth Mapping on TUM-

IV. EXPERIMENTS

In the tracking process, the accuracy of camera poses
highly relies on the rendering quality of the current frame.
The supplementary global mapping strategy, which improves
global rendering quality, may alter the scene near the cur-
rent frame and degrade tracking accuracy. Additionally, the
supplementary depth mapping strategy will add Gaussian
primitives with relatively high error. Therefore, we propose
three variants of SupGS-SLAM. For better tracking, we only
apply supplementary densification. For better mapping, we
apply supplementary densification and supplementary global
mapping. For better scene representation, we apply the full
supplementary mapping.

A. Experimental Setup

Datasets. We evaluate SupGS-SLAM on three widely-
used datasets: Replica [27], ScanNet [28], and TUM-
RGBD [29]. Replica is a synthetic dataset, while Scan-
Net and TUM-RGBD are real-world datasets. Following
SplaTAM [24], we conduct the experiments on 8 scenes of
Replica, 6 scenes of ScanNet, and 5 scenes of TUM-RGBD.

Metrics. Following SplaTAM [24], we use PSNR, SSIM,
and LPIPS to evaluate image rendering quality, Depth L1
loss to evaluate depth rendering quality, and average absolute
trajectory error (ATE RMSE) to evaluate the accuracy of
camera poses.

Baselines. We compare the experimental results with
state-of-the-art methods: Vox-Fusion [15], Point-SLAM [16],
NICE-SLAM [17], ESLAM [18], SplaTAM [24], SGS-
SLAM [25], and Hier-SLAM [26].

Implementation Details. The experiments are conducted
on an NVIDIA RTX 3090 GPU. In the keyframe strategy,
we set Tieyframe = 0.2, Tp = 40 for the ScanNet and TUM-
RGBD datasets, and 7p = 60 for the Replica dataset, and
7 =0.01. In tracking, we set Ay = 30, Ay = 30, Ty = 0.99,
Ac =0.5, and Ap = 1.0. In densification, we set Tyens = 0.5.
In mapping, we set Ac = 0.5, Ap = 1.0, and o = 0.8. In
supplementary mapping, we set Ty, = 0.5 and 0 =0.5.

B. Evaluation of Tracking

The comparisons of the camera pose estimation results
on the Replica [27], ScanNet [28], and TUM-RGBD [29]
datasets are listed in Tab. I, Tab. II, and Tab. III. On the
Replica dataset, the tracking is accurate. On the ScanNet and
TUM-RGBD datasets, due to motion blur and sparse ground-
truth depth, none of the methods can perform as well as they
do on the Replica dataset. SupGS-SLAM achieves excellent
results, and in some scenes, the performance is much better
than that of other methods.

TABLE I
CAMERA POSE ESTIMATION RESULTS ON THE REPLICA DATASET [27]
(ATE RMSE }[cM]). BEST RESULTS ARE HIGHLIGHTED AS FIRST ,
SECOND , AND THIRD .

Methods Avg. RO R1 R2 Of0 Ofl Of2 Of3 Of4

3.09 1.37 4.70 1.47 8.48 2.04 2.58 1.11 2.94

Vox-Fusion [15]

NICE-SLAM [17] 1.06 0.97 1.31 1.07 0.88 1.00 1.06 1.10 1.13
ESLAM [18] 0.63 0.71 0.70 0.52 0.57 0.55 0.58 0.72 0.63
Point-SLAM [16] 0.52 0.61 0.41 0.37 0.38 0.48 0.54 0.69 0.72

SGS-SLAM [25]
SplaTAM [
Ours

0.41 0.46 0.45 0.29 0.46 0.23 0.45 0.42 0.55
] 0.36 0.31 0.40 0.29 0.47 0.27 0.29 0.32 0.55
0.35 0.24 0.31 0.27 0.51 0.22 0.39 0.31 0.55

TABLE II
CAMERA POSE ESTIMATION RESULTS ON THE SCANNET DATASET [28]
(ATE RMSE |[CM]). BEST RESULTS ARE HIGHLIGHTED AS FIRST ,
SECOND , AND THIRD .

Methods Avg. 0000 0059 0106 0169 0181 0207

26.90 68.84 24.18 8.41 27.28 23.30 9.41

Vox-Fusion [15]

Point-SLAM [16] 12.19 10.24 7.81 8.65 22.16 14.77 9.54
NICE-SLAM [17] 10.70 12.00 14.00 7.90 10.90 13.40 6.20
SplaTAM [24] 11.88 12.83 10.10 17.72 12.08 11.10 7.46
Ours 11.62 12.55 11.82 17.59 10.78 9.19 7.79
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TABLE III
CAMERA POSE ESTIMATION RESULTS ON THE TUM-RGBD
DATASET [29] (ATE RMSE |[CM]). BEST RESULTS ARE HIGHLIGHTED
AS FIRST , SECOND , AND THIRD .

fr1/ fr1/ frl/ fr2/ fr3/
" desk desk2 room xyz off.

Methods Avg

NICE-SLAM [17] 15.87 426 4.99 34.49 31.73 3.87

Vox-Fusion [15] 11.31 3.52 6.00 19.53 1.49 26.01

Point-SLAM [16] 8.92 434 4.54 3092 1.31 348

SplaTAM [24] 548 335 6.54 11.13 1.24 5.16

Ours 545 289 439 12.65 131 6.00
TABLE IV

QUANTITATIVE TRAINING VIEW RENDERING QUALITY ON THE
REPLICA DATASET [27]. BEST RESULTS ARE HIGHLIGHTED AS FIRST ,
SECOND , AND THIRD .

Methods Metrics Avg. RO R1 R2 Of0 Ofl Of2 Of3 Of4

NICE- PSNR 124.4222.1222.4724.5229.0730.34 19.6622.2324.94
SLAM  SSIM 1 0.81 0.69 0.76 0.81 0.87 0.89 0.80 0.80 0.86
[17]  LPIPS | 0.23 0.33 0.27 0.21 0.23 0.18 0.24 0.21 0.20
""" PSNR 735.1732.4034.0835.50 38.26 39.1633.99 33.48 33.49
SSIM 1 0.98 0.97 0.98 0.98 0.98 0.99 0.96 0.96 0.98
[16]  LPIPS | 0.12 0.11 0.12 0.11 0.10 0.12 0.16 0.13 0.14
4] SSIM 1 0.97 0.98 0.97 0.98 0.98 0.98 0.97 0.95 0.95
- LPIPS | 0.10 0.07 0.10 0.08 0.09 0.09 0.10 0.12 0.15
""" PSNR 7134.3832.1534.3135.0137.0137.5233.7232.1533.16
SSIM 1 0.98 0.98 0.98 0.98 0.98 0.98 0.98 0.98 0.97

LPIPS | 0.09 0.08 0.08 0.08 0.09 0.12 0.08 0.08 0.12

C. Evaluation of Mapping and Rendering

In Tab. IV, we list the quantitative training view rendering
results of SupGS-SLAM compared with other state-of-the-
art methods. The results indicate that SupGS-SLAM achieves
excellent performance similar to that of other methods. Fig. 4
shows the qualitative comparison, which demonstrates that
the rendering quality has been significantly improved.

D. Evaluation of Keyframe Selection Strategy

We select a small number of keyframes from all frames.
The proportions are 3.4%, 6.1%, and 4.2% on the Replica,

ScanNet, and TUM-RGBD datasets, respectively. Compared
to SplaTAM [24] with 20% keyframe proportion using the
constant time interval strategy, SupGS-SLAM significantly
reduces the number of redundant keyframes while maintain-
ing excellent performance.

E. Ablation Study

In Tab. V, we list the ablation study on the fr1_desk scene
of the TUM-RGBD dataset [29]. The results demonstrate that
with the keyframe strategy and supplementary densification
strategy, the tracking results are much more accurate. Fur-
thermore, with the supplementary global mapping strategy,
the ATE RMSE decreases slightly, but the results of other
metrics are significantly improved.

TABLE V
ABLATION STUDY ON THE SCENE FR1_DESK OF THE TUM-RGBD
DATASET [29].

. ATE PSNR Depth SSIM LPIPS
Keyframe Densify Global RMSE| 1 L1l 4 !

X X x 3.15 2284 3.01 0913 0.146
v X X 298 2221 3.74 0846 0.223
v v X 289 21.72 390 0.884 0.187
v v v 3.00 2485 1.84 0914 0.170

Keyframe x: With constant time interval strategy.
Keyframe v : With keyframe strategy.

Densify: With/Without supplementary densification.
Global: With/Without supplementary global mapping.

V. CONCLUSION

We propose SupGS-SLAM, a Gaussian Splatting SLAM
method. For better keyframe efficiency, we propose an
efficient keyframe strategy to cover the entire scene with
a small number of representative keyframes and prioritize
the optimization of critical keyframes. For better mapping,
we propose a supplementary mapping strategy to fully
optimize the scene. Experiments demonstrate that SupGS-
SLAM achieves low keyframe redundancy while maintaining
excellent performance in tracking, mapping, and rendering.
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