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Abstract: Simultaneous localization and mapping (SLAM) is the basis for intelligent robots
to explore the world. As a promising method for 3D reconstruction, 3D Gaussian splatting
(3DGS) integrated with SLAM systems has shown significant potential. However, due to
environmental uncertainties, errors in the tracking process with 3D Gaussians can nega-
tively impact SLAM systems. This paper introduces a novel dense RGB-D SLAM system
based on 3DGS that refines Gaussians through sub-Gaussians in the camera coordinate
system. Additionally, we propose an algorithm to select keyframes closely related to the
current frame, optimizing the scene map and pose of the current keyframe. This approach
effectively enhances both the tracking and mapping performance. Experiments on high-
quality synthetic scenes (Replica dataset) and low-quality real-world scenes (TUM-RGBD
and ScanNet datasets) demonstrate that our system achieves competitive performance in
tracking and mapping.

Keywords: dense visual SLAM; scene reconstruction; 3D Gaussian splatting; keyframe
selection; RGB-D SLAM

1. Introduction
With the rapid development of mobile robots and autonomous driving, visual simul-

taneous localization and mapping (SLAM) has become a key technology. It allows these
systems to perceive and localize themselves in unknown environments [1,2]. SLAM has
made significant progress over the past decade. Classic SLAM algorithms based on point
clouds [3–6], meshes [7,8], voxels [9–11], or truncated signed distance function [12–14]
have been developed. Recently, 3D reconstruction technologies have advanced, particu-
larly with methods like NeRF (Neural Radiance Field) [15–17] and 3DGS (3D Gaussian
splatting) [18–20]. This has led to breakthroughs in SLAM research. These technologies
allow for more accurate and realistic 3D reconstructions. They also improve localization
and mapping using images or depth data. As a result, new SLAM systems based on 3D
reconstruction technologies have emerged.

NeRF has been successfully applied to SLAM systems, demonstrating the profound
impact of new 3D reconstruction methods on SLAM technology. NeRF excels in view syn-
thesis, detailed 3D reconstruction, and the ability to handle complex lighting and material
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effects [15]. Many NeRF-based SLAM frameworks leverage its strengths in generating
fine-grained 3D scene representations [21–23], significantly improving localization and
mapping accuracy in various scenes, and achieving more stable results. However, the use
of ray-based volumetric rendering techniques to generate high-resolution rendered images
significantly limits NeRF’s rendering speed. Additionally, the implicit structure of NeRF,
based on multilayer perceptron (MLP), lacks intuitiveness, which poses certain challenges
for tasks such as scene understanding and editing [24].

Unlike NeRF, 3DGS uses differentiable volumetric representations that are unstruc-
tured and explicit [18]. Instead of ray-based volumetric rendering, 3DGS utilizes a
projection-based approach to rasterization. This structure not only enables faster high-
resolution rendering but also, due to its explicitness, makes scene editing and fine-tuning
more convenient. Furthermore, 3DGS ensures a high rendering quality while achieving
more efficient computation and greater flexibility, especially in applications that require
rapid iteration and optimization. These advantages make 3DGS a better fit for SLAM
systems, offering stable and efficient localization and mapping performance. Building
on these advantages, many SLAM systems based on 3DGS have been proposed [25–28].
These systems leverage the strengths of 3DGS to design and optimize SLAM from differ-
ent perspectives, achieving high-precision localization and rendering. However, in the
3DGS-based tracking process, the incompleteness of the scene map can lead to errors in
the pose estimation of keyframes. Densifying the map with these erroneous poses may
adversely affect its quality. To address this issue, we propose a novel SLAM system based
on 3D Gaussians.

In this paper, we propose a novel SLAM system based on 3D Gaussians, which
is called Related Keyframe Optimization Gaussian SLAM (RK-SLAM). In this system,
the latest keyframe is not directly used to densify the existing Gaussian map. Instead,
a sub-Gaussian is established and associated with the pose of the keyframe. This sub-
Gaussian undergoes refinement following the keyframe pose. Only after optimization
is the refined sub-Gaussian used to densify the existing scene map. Moreover, for better
tracking and mapping, we design a related keyframe selection algorithm. The algorithm
selects keyframes for optimization together through inter-frame co-visibility and spatial
distance between frames to improve the performance of tracking and mapping. In summary,
our contributions are as follows:

1. We propose an innovative SLAM system that leverages sub-Gaussian to refine the
pose of keyframes and their associated Gaussian. This approach mitigates the impact
of keyframe pose errors on densifying the existing map, ensuring a more accurate and
robust mapping.

2. We introduce a novel keyframe selection algorithm that selects related keyframes to
assist in fine-tuning, resulting in improved tracking and rendering quality.

3. The system has been evaluated on multiple RGB-D datasets, demonstrating competi-
tive performance in both tracking and mapping.

2. Related Work
2.1. 3D Reconstruction

Three-dimensional reconstruction is a central problem in computer vision, with
various methods proposed for 3D scene representation, including point clouds [29],
meshes [30,31], voxels [32], and truncated signed distance functions [33]. These methods
have driven significant advancements in SLAM, leading to the development of numerous
SLAM systems [3–5,7–14,34]. Recently, new 3D scene representations, such as NeRF [15–17]
and 3DGS [18–20], have outperformed traditional techniques. NeRF uses deep neural
networks for high-quality view synthesis and detailed 3D reconstruction, while 3DGS
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leverages explicit, differentiable volumetric representations with projection-based rasteriza-
tion for faster rendering and easier scene editing. These innovations have enhanced 3D
reconstruction accuracy and efficiency and further advanced SLAM systems, improving
real-time performance, robustness, and accuracy.

2.2. NeRF-Based SLAM

Leveraging the advantages of NeRF, numerous SLAM systems have been developed.
IMAP [35] is the first real-time SLAM system to use a continually trained MLP as the sole
scene representation for a handheld RGB-D camera. It achieves efficient 3D mapping and
tracking through keyframe and multiprocessing innovations. Its emergence has spurred the
development of many NeRF-based SLAM systems. NICE-SLAM [36] leverages geometric
priors to handle local information, enhancing the system’s scalability and robustness for
superior performance in large-scale scenes. Co-SLAM [37] combines a multi-resolution
hash-grid with one-blob encoding, enabling rapid convergence and surface hole filling
for a more robust SLAM performance. Point-SLAM [38] introduces neural anchor points
to represent scenes, allowing for a dynamic adjustment of point density based on input
image information. This approach reduces optimization time and lowers memory usage in
less detailed regions. Although these methods optimize NeRF-based SLAM from various
angles, they remain constrained by NeRF’s implicit representation and ray-based rendering
approach. This limitation hinders a more intuitive optimization of SLAM.

2.3. 3DGS-Based SLAM

Compared to NeRF-based SLAM, 3DGS-based SLAM not only benefits from training
with various loss functions but also leverages 3DGS’s explicit representation, allowing
for more effective scene editing and optimization. SplaTAM [27] utilizes a silhouette
mask to capture scene density, quickly determines whether a region has been mapped
previously, and expands the structured map by adding more Gaussian functions. GS-
SLAM [26] employs an adaptive expansion strategy that adjusts existing regions from new
perspectives by adding or removing noisy Gaussian volumes. This strategy dynamically
extends 3D Gaussians to reconstruct the entire scene. MonoGS [28] derives the analytical
Jacobian matrix of the camera extrinsics with respect to 3DGS, enabling optimization of
the camera pose and scene geometry. CG-SLAM [39] introduces a novel uncertainty-aware
3D Gaussian with a high consistency and geometric stability for efficient computation. It
also features a new depth uncertainty model to optimize the tracking process, improving
both tracking efficiency and accuracy. RD-SLAM [25] employs a generalized iterative
closest point for pose estimation, enhancing tracking accuracy and speed. It also introduces
a dual keyframe selection strategy for dense scene processing, achieving high-quality
reconstruction results.

3. Methods
This section provides a detailed explanation of our proposed SLAM system, and the

overview is shown in Figure 1. The current frame first undergoes an initial pose prediction
through Gaussian tracking. It is then evaluated to determine whether it qualifies as a
keyframe for the scene. For keyframes, a new sub-Gaussian is constructed based on the
point cloud projected from the RGB-D image and its pose. This sub-Gaussian enters the
sliding sub-Gaussian window, transitioning to the fine-tuning state. To maintain a constant
window size, the earliest sub-Gaussian awaiting fine-tuning is removed from the window
and united with the already fine-tuned Gaussian map. Meanwhile, a related keyframe
window is determined based on the pose of the current keyframe and its visible region.
The keyframe is subsequently fine-tuned across this related keyframe, optimizing its pose
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and the Gaussian map. Certain scene editing operations are simultaneously performed.
Over time, these keyframes progressively densify the representation of the entire scene,
ultimately yielding a dense 3D scene map.

Next, we provide a detailed explanation of each component of the system.
Section 3.1 introduces the 3DGS-based scene representation for rendering and the dif-
ferentiable splatting rasterized rendering method. Section 3.2 explains the 3DGS-based
tracking process and keyframe selection strategy. In Section 3.3, we introduce the sliding
sub-Gaussian window and the related keyframe selection algorithm in detail. Finally,
Section 3.4 elaborates on the loss functions for mapping and some direct scene editing
operations base on 3DGS.
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Figure 1. Overview of RK-SLAM.

3.1. 3D Gaussian Scene Representation

In RK-SLAM, for the map M representing the scene, in addition to a 3D Gaussian G0

representing the refined scene, there is a sliding window Ws containing multiple groups of
sub-Gaussians Gk awaiting fine-tuning as follows:

M = (
⋃

k∈Ws

Gk)
⋃

G0. (1)

For G0, there are N0 3D Gaussians. Each 3D Gaussian contains a center µ ∈ R3,
a spatial covariance Σ ∈ R3×3, an opacity α ∈ R, and a color c. c is represented by spherical
harmonics for view-dependent radiance.

G0 = {Gi : (µi, Σi, αi, ci) | i = 1, . . . , N0}, (2)

where Σi = RiSiST
i RT

i , S ∈ R3 is a 3D scale vector, and R ∈ R3×3 is the rotation matrix,
which participates in computation as a 4D quaternion. Similarly, the 3D Gaussians in Gk

also include these parameters. The key difference is that the parameters, particularly the
centers µ′ and rotation matrices R′, are based on the pose of the k-th keyframe. Therefore,
the parameters of Gk also include the extrinsic matrix wk of the k-th keyframe as follows:
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Gk = {wk, {Gi : (µ′i, Σ′i, αi, ci) | i = 1, . . . , Nk}},

Σ′i = R′iSiSi
T R′i

T ,
(3)

where the extrinsic matrix wk contains the a rotation matrix Rot ∈ R3×3 and a translation
vector Trans ∈ R3. It can be expressed as follows:

wk =

[
Rot TransT

0 1

]
. (4)

When rendering the map M, the 3D Gaussians in Gk are transformed from the camera
coordinate system to the world coordinate system using the extrinsic matrix wk. After
aligning with the coordinate system of G0, they are united. The primary parameters
involved in this transformation are the center coordinates µ′i and the rotation matrices R′i
as follows: {

µi = w−1
k µ′i,

Ri = Rot−1R′i,
i = 1, 2, . . . , Nk. (5)

In practice, after they are united, the map M can be expressed as follows:

M = {Gi : (µi,Σi, αi, ci) | i = 1, . . . , N},
N = N0 + ∑

k∈Ws

Nk. (6)

The differentiable splatting rasterized rendering follows [18]. First, we need to project
the 3D coordinates of the 3D Gaussians onto the 2D plane of the target camera using the
following equations:

d = (wtargetµ)z,

µ2D = K
wtargetµ

d
,

Σ2D = JwtargetΣwT
target JT ,

(7)

where K is the intrinsic matrix of the target camera, wtarget is the extrinsic matrix, J is
the Jacobian of the affine approximation of the projective transformation, and d is the
depth value on the z-axis after the 3D Gaussian center is projected onto the target camera
coordinate system.

After projection, the influence of each 3D Gaussian on the camera plane can be calcu-
lated using the following Gaussian distribution equation:

f (x) = α · exp(−1
2
(x− µ)TΣ−1(x− µ)). (8)

The influence of all 3D Gaussians is accumulated sequentially from near to far based
on their depth order after projection. By adding their colors and depths in this manner
as Equation (9), the corresponding color Cp and depth Dp for each pixel in the image can
be obtained.

Cp = ∑
i∈N

ci fi

i−1

∏
j=1

(1− f j),

Dp = ∑
i∈N

di fi

i−1

∏
j=1

(1− f j).

(9)
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3.2. Gaussian Tracking

In Gaussian tracking, following [28], we adopt the proposed analytical Jacobian of the
SE(3) camera’s extrinsic matrix with respect to the 3D Gaussians. For the loss function, we
compute the losses for the RGB Lrgb and depth Ldepth. Notably, similar to [28], we further
optimize affine brightness parameters for exposure and penalize non-edge or low-opacity
pixels. Consequently, the loss is expressed as follows:

Lrgb =∥ (exp(αexp) Î + βexp)− I ∥1,

Ldepth =∥ D̂− D ∥1,
(10)

where Î and D̂ represent the rendered RGB image and depth image, respectively, while I
and D denote the ground truth RGB image and depth image. αexp and βexp are exposure-
related factors and are trainable parameters, typically initialized to 0. The final expression
of the loss function is as follows:

Ltrack = γLrgb + (1− γ)Ldepth, (11)

where γ is a hyperparameter.
After tracking, it is necessary to determine whether the current frame qualifies as a

keyframe. Similar to [28], we measure the covisibility by measuring the intersection over
the union of the observed Gaussians between the current frame and the last keyframe. If
the covisibility drops below a threshold, or if the relative translation is large with respect
to the median depth, the current frame is registered as a keyframe. The covisibility CoVij

between frame i and frame j can be calculated as follows:

CoVij =
|Vi

⋂
Vj|

min(|Vi|, |Vj|)
, (12)

where Vi represents the observed Gaussians for frame i.

3.3. Keyframe Window

When a new keyframe is obtained, a sub-Gaussian, as described by Equation (3), is
constructed. The point cloud is generated from the RGB-D image and downsampled at a
certain ratio to initialize the sub-Gaussian. This sub-Gaussian is then added to the sliding
keyframe window Ws. The new sub-Gaussian is based on the camera coordinate system
corresponding to the current keyframe. As the pose of this keyframe changes during
fine-tuning, the new sub-Gaussian adjusts accordingly, as shown in Figure 2. To maintain
a constant size for Ws, the sub-Gaussian that exceeds the window limit is removed from
Ws. The earliest sub-Gaussian undergoes the most fine-tuning, and its result is relatively
stable (discussed in Section 4.3). Therefore, it is removed from the sliding window Ws. The
removed sub-Gaussian is transformed into the world coordinate system using Equation (5)
and then united with the already refined Gaussians G0.
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Fine-tuned Gaussians New Sub-Gaussians New Keyframe 

Fine-tuning

Figure 2. Sub-Gasussians.

At the same time, a related keyframe window Wr is also constructed. To ensure a
strong correlation between the selected keyframes and the current keyframe, co-visibility
is used as the metric for measuring inter-frame correlation. Additionally, to optimize the
mapping of the current frame from a broader range of perspectives, the spatial distance
between frames is also taken into consideration. Based on these factors, we design the
related keyframe selection algorithm (Algorithm 1) as follows:

Algorithm 1 Related keyframe selection algorithm.

1: Input: keyframes Wre = [1, 2, . . . , n], the observed Gaussians for all keyframes
V = [V1, V2, . . . , Vn], the pose of all keyframes Ps = [p1, p2, . . . , pn], the current
keyframe k, and the max size for the related keyframe window l

2: Output: related keyframe window Wr
3: CoV_Socres← [0, 0, . . . , 0]
4: for i in Wre do
5: CoV_Scores[i]← CoV2(Vk, Vi)
6: end for
7: Wr ← [ ]
8: Dist← [in f , in f , . . . , in f ]
9: last_p← k

10: while len(Wr) < l do
11: for i in Wre do
12: Dist[i]← min(dist(Ps[last_p], Ps[i]), Dist[i])
13: end for
14: last_p← arg max

i∈Wre
(Dist[i] · CoV_Socres[i])

15: Wr ←Wr + [last_p]
16: end while
17: return Wr

Wre contains the fine-tuned keyframes, V represents the Gaussians observed by all
keyframes, and Ps denotes the 3D spatial positions of the keyframes.

In Algorithm 1, we first calculate the co-visibility between all fine-tuned keyframes
and the current keyframe as Equation (12) using its square as the measure of consistency
(line 5). Next, we iteratively update the nearest distances for the keyframes. This iteration
prevents the selected keyframes from being overly concentrated in a specific region. By
iterating, the selected keyframes are more evenly distributed across the 3D space. During
each iteration, after updating the nearest distances (line 12), we compute the relation of
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each keyframe as the product of its minimum distance and consistency score. Keyframes
with the highest relations are added to Wr (line 14). This process continues until the number
of keyframes in Wr meets the desired size, after which Wr is returned.

To provide a more intuitive demonstration of the related window, we extracted an
example from the experiment, as shown in Figure 3. The figure shows the RGB images of
the current frame and its related frames and their order in the SLAM sequence. From the
figure, it is evident that the visible area of all related frames overlaps with the current frame.
Furthermore, these related frames offer observations of the current scene from multiple
views. This observation mode is beneficial for both the localization and mapping of the
current frame. Notably, among these related frames, the earliest comes from the 192nd
frame in the sequence, which is significantly distant from the current frame (the 1523rd) in
terms of sequence order. Despite this, our algorithm is still able to capture their relation.
This is of particular significance for SLAM sequences with cyclic structures.

The keyframes included in the two types of windows contribute to Gaussian mapping
for optimizing the scene map. The key difference lies in how they are handled: the
Gaussians in the sub-Gaussian corresponding to the keyframes in the sliding keyframe
window undergo fine-tuning along with the pose of the keyframes, whereas the keyframes
in the related keyframe window no longer has a corresponding sub-Gaussian.

Related Keyframe: 192-th

Current Keyframe: 1523-th

Related Keyframe: 723-th Related Keyframe: 976-th

Related Keyframe: 1000-th

Related Keyframe: 1227-th

Related Keyframe: 1407-th

Related Keyframe: 1451-th

Figure 3. Example for related window.

3.4. Gaussian Mapping

In Gaussian mapping, in addition to the two windows mentioned above, we randomly
select a subset Wrandom of keyframes during each iteration to participate in the computation
of the mapping loss. Wrandom prevents the scene map from forgetting past observations.
The mapping loss is calculated from three aspects: RGB loss Lrgb, depth loss Ldepth, and
isotropic regularization Liso:

Lrgb = (1− η) ∥ (exp(αexp) Î + βexp)−I ∥1 +η(1− SSIM(exp(αexp) Î + βexp), I)),

Ldepth =∥ D̂− D ∥1,

Liso = ∑
Si∈M

∥ Si − S̄i ∥1,
(13)
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where SSIM(·) refers to the structural similarity index measure [40], η is a hyperparam-
eter used to control its weight, and S̄i represents the mean of the scale factors Si for the
3D Gaussians in the scene map M. The final loss is composed of the RGB and depth
losses of the keyframes in all windows W = Ws

⋃
Wr

⋃
Wrandom and scale factor isotropic

regularization terms:

L = λLiso + ∑
k∈W

(γLk
rgb + (1− γ)Lk

depth). (14)

Regarding scene editing, following [18,28], we densify the 3D Gaussians based on
gradients and prune them based on their opacity and scale. Additionally, for resetting
scene opacity, we adopt the same approach following [28].

4. Results
4.1. Experimental Setup

To evaluate the performance of RK-SLAM, we conducted experiments on the Replica
dataset [41] (eight sequences), the TUM-RGBD dataset [42] (three sequences), and the
ScanNet dataset [43] (five sequences). The Replica dataset consists of high-quality synthetic
RGB-D images with a resolution of 1200× 680. And the TUM-RGBD dataset and ScanNet
dataset contain low-quality real-world images captured by cameras and with a resolution
of 640× 480, characterized by significant noise and blurriness. In particular, the depth
images in the TUM-RGBD dataset and ScanNet dataset often suffer from information loss.
We evaluated the effectiveness of our method on both types of datasets.

We compared RK-SLAM with state-of-the-art NeRF-based SLAM and 3DGS-based
SLAM, including NICE-SLAM [36], Point-SLAM [38], Co-SLAM [37], SplaTAM [27], GS-
SLAM [26], MonoGS [28], and CG-SLAM [39]. For RK-SLAM, the results were derived as
the average of three experimental runs.

We evaluated the tracking and mapping performance of RK-SLAM separately. For
tracking, we used the average absolute trajectory error (ATE RMSE) as the evaluation metric.
For mapping, we employed the peak signal-to-noise ratio (PSNR), structural similarity
index measure (SSIM), and learned perceptual image patch similarity (LPIPS) [44].

In the experiments, the maximum size of the sliding window Ws was set to 3, as
discussed in detail in Section 4.3. Additionally, inspired by MonoGS [28], we limited the
maximum size of the related frame window Wr to 7 to prevent excessive computational
overhead caused by an increasing number of keyframes. This ensured that the total
keyframe window (Ws + Wr) size remained at a maximum of 10, consistent with MonoGS.
Meanwhile, the maximum size of the random keyframe window Wrandom was set to 2. For
loss computation, γ was set to 0.9, η to 0.05, and λ to 10. RK-SLAM was implemented
in Python (v.3.7) using the PyTorch (v.1.12.1) framework, incorporating CUDA code for
3DGS. We ran our SLAM on a server with AMD EPYC 7V12 and NVIDIA GeForce RTX
3090 (Santa Clara, CA, USA).

4.2. Quantitative Evaluation
4.2.1. Tracking Performance

Table 1 presents a comparison of RK-SLAM with the NeRF-based and 3DGS-based
SLAM algorithms on the TUM-RGBD dataset. Evidently, RK-SLAM achieved state-of-
the-art performance, outperforming the second-best approach by 0.25 cm on average.
Notably, in the fr3/Office sequence, our method outperformed the second-best approach
by 0.34 cm (approximately a 23% improvement), which is a significant margin. Table 2
shows the performance of RK-SLAM on the ScanNet dataset. Although its performance on
ScanNet was not as strong as on the TUM-RGBD dataset, it still achieved good results on
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some sequences, securing a place in the top three in terms of average performance. This
demonstrates the potential of RK-SLAM.

Table 1. Camera tracking results on TUM-RGBD dataset (ATE RMSE [cm], the smaller, the better).
The table marks the first , second , and third best results.

Methods fr1/desk fr2/xyz fr3/Office Avg.

NICE-SLAM 2.70 1.80 3.00 2.50
Co-SLAM 2.40 1.70 2.40 2.17

Point-SLAM 4.34 1.31 3.48 3.04
GS-SLAM 3.30 1.30 6.60 3.73
SplaTAM 3.35 1.24 5.16 3.25
CG-SLAM 2.43 1.20 2.45 2.03
MonoGS 1.50 1.44 1.49 1.47

RK-SLAM (Ours) 1.30 1.21 1.15 1.22

Table 3 compares RK-SLAM with the NeRF-based and 3DGS-based SLAM algorithms
on the Replica dataset. RK-SLAM, again, achieved the best performance. Although
the margin over the second-best result was only 0.01 cm, RK-SLAM achieved the best
performance in five out of eight sequences, significantly outperforming the second-best
method, which ranked first in only two sequences. Moreover, it is noteworthy that the
standard deviation of RK-SLAM across all sequences was 0.037, which was significantly
better than the second-best at 0.058 and the third-best at 0.212. This indicates that RK-SLAM
delivers more stable performance across different sequences.

Table 2. Camera tracking results on ScanNet dataset (ATE RMSE [cm], the smaller, the better). The
table marks the first , second , and third best results.

Methods Sc.0059 Sc.0106 Sc.0169 Sc.0181 Sc.0207 Avg.

NICE-SLAM 14.00 7.90 10.90 13.40 6.20 10.48
Co-SLAM 12.29 10.9 6.62 13.43 7.13 10.07

Point-SLAM 8.29 11.86 22.16 14.77 9.54 13.32
SplaTAM 10.10 17.72 12.08 11.10 7.46 11.69
CG-SLAM 7.46 8.88 8.16 11.60 5.34 8.31

RK-SLAM (Ours) 6.62 12.59 12.44 11.88 8.14 10.33

Table 3. Camera tracking results on Replica dataset (ATE RMSE [cm], the smaller, the better). The
table marks the first , second , and third best results.

Methods R0 R1 R2 O0 O1 O2 O3 O4 Avg.

Point-SLAM 0.61 0.41 0.37 0.38 0.48 0.54 0.69 0.75 0.52
GS-SLAM 0.48 0.53 0.33 0.52 0.41 0.59 0.46 0.7 0.50
SplaTAM 0.31 0.40 0.29 0.47 0.27 0.29 0.32 0.55 0.36
MonoGS 0.33 0.22 0.29 0.36 0.19 0.25 0.12 0.81 0.32

CG-SLAM 0.29 0.27 0.25 0.33 0.14 0.28 0.31 0.29 0.27
RK-SLAM (Ours) 0.27 0.24 0.25 0.26 0.19 0.24 0.32 0.28 0.26

In summary, we evaluated the performance of RK-SLAM on two types of datasets,
and it consistently achieved competitive results. Notably, compared to CG-SLAM, RK-
SLAM demonstrated a comparable performance on the Replica dataset while significantly
outperforming it on the TUM-RGBD dataset. The results clearly highlight the robustness of
RK-SLAM with depth.
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4.2.2. Rendering Performance

Tables 4 and 5 present a comparison of the mapping quality on the TUM-RGBD
and Replica datasets, respectively. As shown in Table 4, RK-SLAM achieved comparable
results. Compared to the top-performing SplaTAM algorithm, RK-SLAM demonstrated
a competitive performance and even surpassed it in the fr1/desk sequence. As shown in
Table 5, RK-SLAM achieved state-of-the-art results on the Replica dataset. Although it lags
slightly in the SSIM metric, it shows significant advantages in the PSNR and LPIPS metrics.
In the PSNR metric, RK-SLAM achieved the best results in six out of the eight sequences,
outperforming other methods by a considerable margin. Similarly, for the LPIPS metric,
RK-SLAM secured the best results in four out of the eight sequences.

Table 4. Map quality on TUM-RGBD dataset. ↑ means that the bigger the metric, the better, and
↓ means that the smaller the metric, the better. The table marks the first , second , and third
best results.

Methods Metrics fr1/desk fr2/xyz fr3/Office Avg.

Point-SLAM
PSNR ↑ 13.79 17.62 18.29 16.57
SSIM ↑ 0.625 0.710 0.749 0.695
LPIPS ↓ 0.545 0.584 0.452 0.527

SplaTAM
PSNR ↑ 21.49 25.06 21.17 22.57
SSIM ↑ 0.839 0.950 0.861 0.883
LPIPS ↓ 0.255 0.099 0.221 0.192

RK-SLAM (Ours)
PSNR ↑ 22.31 22.47 20.67 21.82
SSIM ↑ 0.741 0.729 0.710 0.727
LPIPS ↓ 0.254 0.220 0.251 0.242

Table 5. Map quality on Replica dataset. ↑means that the bigger the metric, the better, and ↓means
that the smaller the metric, the better. The table marks the first , second , and third best results.

Methods Metrics R0 R1 R2 O0 O1 O2 O3 O4 Avg.

NICE-SLAM
PSNR ↑ 22.12 22.47 24.52 29.07 30.34 19.66 22.23 24.94 24.42
SSIM ↑ 0.689 0.757 0.814 0.874 0.886 0.797 0.801 0.856 0.809
LPIPS ↓ 0.330 0.271 0.208 0.229 0.181 0.235 0.209 0.198 0.233

Co-SLAM
PSNR ↑ 27.27 28.45 29.06 34.14 34.87 28.43 28.76 30.91 30.24
SSIM ↑ 0.910 0.909 0.932 0.961 0.969 0.938 0.941 0.955 0.939
LPIPS ↓ 0.324 0.294 0.266 0.209 0.196 0.258 0.229 0.236 0.252

Point-SLAM
PSNR ↑ 32.40 34.08 35.50 38.26 39.16 33.99 33.48 33.49 35.17
SSIM ↑ 0.974 0.977 0.982 0.983 0.986 0.960 0.960 0.979 0.975
LPIPS ↓ 0.113 0.116 0.111 0.100 0.118 0.156 0.132 0.142 0.124

GS-SLAM
PSNR ↑ 31.56 32.86 32.59 38.70 41.17 32.36 32.03 32.92 34.27
SSIM ↑ 0.968 0.973 0.971 0.986 0.993 0.978 0.970 0.968 0.975
LPIPS ↓ 0.094 0.075 0.093 0.050 0.033 0.094 0.110 0.112 0.082

SplaTAM
PSNR ↑ 32.86 33.89 35.25 38.26 39.17 31.97 29.70 31.81 34.11
SSIM ↑ 0.980 0.970 0.980 0.980 0.980 0.970 0.950 0.950 0.970
LPIPS ↓ 0.070 0.100 0.080 0.090 0.090 0.100 0.120 0.150 0.100

RK-SLAM (Ours)
PSNR ↑ 32.90 34.55 39.69 39.49 39.17 33.39 34.43 34.98 36.08
SSIM ↑ 0.934 0.942 0.926 0.971 0.967 0.940 0.947 0.948 0.947
LPIPS ↓ 0.079 0.077 0.076 0.045 0.061 0.109 0.080 0.077 0.076

In the comparisons above, RK-SLAM demonstrates a strong performance on both the
Replica dataset, with complete depth information, and the TUM-RGBD dataset, which
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contains missing and noisy depth data. This highlights RK-SLAM’s excellent map recon-
struction capabilities and its robustness to disturbances in depth information.

4.3. Ablation Study

We conducted experimental evaluations on the TUM-RGBD dataset to assess the
performance improvements brought by RK-SLAM’s sub-Gaussian and related keyframe
window. Table 6 presents the results of the ablation study, including both tracking and
mapping performances. Notably, for the variant without the related keyframe window, we
replaced it with the keyframe window proposed in [28] using the same parameter settings.

Table 6. Ablation study on TUM-RGBD dataset. The ✓ means with the corresponding method, and ✗

means without the corresponding method. ↑means that the bigger the metric, the better, and ↓means
that the smaller the metric, the better. The table marks the first , second , and third best results.

Sub-
Gaussian

Related
Keyframe
Window

Metrics fr1/desk fr2/xyz fr3/Office Avg.

✗ ✓

PSNR ↑ 21.50 21.92 20.06 21.16
SSIM ↑ 0.736 0.710 0.688 0.711
LPIPS ↓ 0.255 0.229 0.266 0.250

ATE RMSE ↓ 1.41 1.22 1.22 1.28

✓ ✗

PSNR ↑ 20.89 21.12 20.24 20.75
SSIM ↑ 0.726 0.705 0.700 0.710
LPIPS ↓ 0.266 0.245 0.268 0.260

ATE RMSE ↓ 1.44 1.36 1.38 1.39

✓ ✓

PSNR ↑ 22.31 22.47 20.67 21.82
SSIM ↑ 0.741 0.729 0.710 0.727
LPIPS ↓ 0.254 0.220 0.251 0.242

ATE RMSE ↓ 1.30 1.21 1.15 1.22

As shown in Table 6, the method without sub-Gaussians performs worse than RK-
SLAM in both tracking and rendering. It indicates that the sub-Gaussian approach con-
tributes to improvements in both aspects. Regarding the choice of keyframe windows,
compared to the related keyframe window used in RK-SLAM, employing the sliding
keyframe window proposed in [28] results in significant performance gaps in both track-
ing and rendering. This is especially evident in tracking performance, where the related
keyframe window brings a notable improvement, achieving an average enhancement of
0.17 cm across the three sequences in the TUM-RGBD dataset. For the mapping results,
as shown in Figure 4, we selected a frame from the fr3/Office sequence for comparison.
It is evident that RK-SLAM demonstrates superior detail preservation, particularly when
compared to the method without sub-Gaussians.

To explore the optimal size for the sliding window Ws, we conducted the following
experiments. The purpose of the sliding window is to enable sub-Gaussians to adjust
dynamically with the fine-tuned poses of the keyframes. Thus, we designed a sliding
window with a relatively large size (set to 5) to track the pose changes of the keyframes
within it. Theoretically, when a keyframe undergoes significant fine-tuning, it is necessary
for the sub-Gaussians to adjust accordingly. Conversely, once the keyframe’s pose stabilizes,
the sub-Gaussians can be united into the refined Gaussians G0.
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Ground Truth Without 
Sub-Gaussian

Without Related 
Keyfram Window RK-SLAM

Figure 4. Comparison of mapping results in the ablation study. The first row shows the full images,
while the second row provides zoomed-in views of the regions with the red box from the first row.

In Figure 5, we illustrate the relationship between the extent of the keyframe pose fine-
tuning and the number of iterations. The shaded area represents the range of fine-tuning
extents, while the solid line denotes the mean value at each iteration. From the result,
we observe that the fine-tuning extent decreases overall with an increasing number of
iterations. After three iterations, the adjustments become smaller and exhibit no significant
changes. This indicates that the keyframe poses tend to stabilize after three iterations. Based
on this result, we set the sliding window size to 3 in this study, allowing the sub-Gaussians
to adapt dynamically during significant fine-tuning of the keyframe poses.

Figure 5. The extent of fine-tuning of the keyframe pose in the sliding window Ws with the number
of iterations.

5. Discussion and Future Work
In our study, RK-SLAM demonstrated an excellent performance across both synthetic

scenes with accurate and complete information and real-world scenes with perturbations
and missing data. And they had different resolutions (1200× 680 RGB-D images for Replica
and 640× 480 RGB-D images for TUM-RGBD and ScanNet). Our proposed SLAM system
can run effectively across these datasets with varying resolutions and still achieve good
results. This highlights the robustness of our proposed SLAM system to varying data.
Particularly in the ablation experiments, we compared the related keyframe window with
the sliding window approach proposed in [28]. The sliding window in [28] updates the
window based on the sequence order, disregarding inter-frame correlations. In contrast,
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the related keyframe window considers the content of the scene, breaking the original
sequential order. Even if the orders of keyframes are far apart in the sequence, they are
selected due to their relation and fine-tune the scene map and the poses of the keyframes
together. The experimental results clearly demonstrate that this method can achieve better
localization and mapping. Moreover, through the exploration of the sliding window, we
discovered changes in the amount of keyframe fine-tuning during the iteration process.
Leveraging this insight, we set the sliding window size to maximize the effectiveness of the
sub-Gaussians.

However, RK-SLAM still has shortcomings.

1. In terms of mapping performance, RK-SLAM excels in PSNR and LPIPS metrics but
shows a significant gap in the SSIM metric.

2. The datasets used in the experiments mostly consist of static scenes, whereas the real
world is dynamic. Our SLAM system has no account for dynamic scenes and may,
therefore, struggle to handle rapidly changing scenes.

3. Although we constrained the maximum sizes of the sliding window and the related
window, the iterations still require a significant amount of computation, preventing
real-time performance.

Therefore, in future work, we will address these issues. First, we need to investigate
the reasons behind the significant discrepancy in the SSIM metric to improve our algorithm.
Additionally, to enable an efficient algorithm deployment, we aim to design a new Gaus-
sian mapping method that avoids the computational bottlenecks of the current approach.
Furthermore, for dynamic scenes, we need to develop a new method to mitigate the impact
of dynamic disturbances.

6. Conclusions
This paper presents a novel SLAM system based on 3D Gaussian splatting (3DGS),

called RK-SLAM, which utilizes 3DGS as the core for tracking and mapping. The system in-
corporates two key technologies: the sub-Gaussian method and the related frame selection
algorithm. The sub-Gaussian approach binds Gaussians to keyframes, allowing them to
fine-tune in sync with the keyframe poses. This effectively mitigates the impact of tracking
errors on mapping. The related frame selection algorithm calculates inter-frame relation
based on co-visibility and spatial distance between frames, achieving a loop closure-like ef-
fect. This method overcomes the limitations of existing approaches, which struggle to relate
frames that are far apart in terms of sequence order. As a result, RK-SLAM performs better
in indoor SLAM sequences with cyclic structures, such as the Replica dataset and TUM-
RGBD dataset. Our proposed SLAM system offers a potential solution for dense visual
SLAM. Meanwhile, the sub-Gaussian method and related keyframe selection algorithm
provide promising directions for future advancements in 3DGS-based SLAM systems.
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