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Abstract— [1] Visual Simultaneous Localization and Map-
ping (SLAM) helps robots estimate their poses and perceive
the environment in unknown settings. Recent work has demon-
strated that implicit neural radiance fields and 3D Gaussian
Splatting (3DGS) offer higher fidelity scene representation than
traditional map representations. We propose VSS-SLAM, which
utilizes voxelized surfels as the map representation for incre-
mental mapping in unknown environments. This representation
effectively addresses the issue of redundant and disordered
primitives encountered in previous methods, thereby enhancing
geometric accuracy during reconstruction. Specifically, our ap-
proach divides the scene using voxels and stores geometric and
appearance information in feature vectors at the voxel vertices.
Before rendering, these feature vectors are decoded to generate
the corresponding surfels. Additionally, we align camera poses
through image and depth rendering. Extensive experiments
on the Replica and TUM-RGBD datasets demonstrate that
VSS-SLAM delivers high-fidelity reconstruction and accurate
pose estimation in both simulated and real-world environments.
Source code will soon be available.

I. INTRODUCTION

Visual Simultaneous Localization and Mapping (SLAM)
is responsible for estimating camera poses and construct-
ing maps in unknown environments. Over the last decade,
researchers have extensively explored different types of
map representations. Traditional methods, including point
clouds, voxels, and surfels, have become well-established and
have greatly facilitated accurate camera pose estimation and
optimization. However, these conventional representations
typically capture only partial geometric information about the
environment, limiting their effectiveness for more complex
downstream tasks.

To overcome the limitations of traditional map represen-
tations, many studies have started utilizing implicit neural
radiance fields (NeRF) as the map representation in SLAM.
Implicit NeRF [2]–[6] uses MLP networks to learn the prop-
erties of a scene, enabling high-fidelity novel view synthesis.
Additionally, some methods that combine implicit NeRF
with signed distance functions (SDF) have also achieved
surface reconstruction [7]–[9] of the scene. However, since
volumetric rendering is optimized based on ray sampling,
these NeRF-based SLAM [10]–[13] systems face several
challenges, such as low training efficiency and the issue of
forgetting.
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Fig. 1: Demonstration of voxelized surfels. VSS-SLAM divides
the underlying scene using voxels (left) and then generates surfel
representations of the scene (right) based on the information within
the voxel vertices.

Recently, with the development of 3D Gaussian Splatting
[14], [15] (3DGS) technology, several methods [16]–[20]
have begun to adopt 3DGS as a map representation, enabling
faster novel view synthesis. As an explicit map represen-
tation, 3DGS effectively addresses the issue of forgetting.
Additionally, its rasterization technique allows for rapid
map optimization. However, existing SLAM methods [16]–
[18] based on 3DGS often expand the map incrementally
in an unstructured manner, resulting in the generation of
a large number of redundant Gaussians. These redundant
Gaussians cause the expansion to rely heavily on newly
added Gaussians while neglecting the existing map. Specif-
ically, when mapping new view data, the system tends to
generate numerous new primitives to represent the freshly
perceived scene rather than optimizing the existing map.
These unstructured redundant Gaussians lead to geometric
inaccuracies in the map, ultimately reducing the rendering
accuracy of both depth and images.

The above raises a question: How can we reduce re-
dundant and unstructured primitives during incremental
mapping and improve the geometric accuracy of the
map? We propose VSS-SLAM, which uses voxelized surfels
to address the issue of geometric inaccuracies while also
reducing memory usage. As shown in Fig.1, during incre-
mental mapping, we partition the scene using voxels and
store feature vectors at voxel vertices, which are used to
decode neural surfels. These voxel vertices generate neural
surfels in real time, guiding their structured distribution.
Additionally, we achieve accurate pose estimation by directly
aligning the camera pose through image and depth rendering.

Our main contributions are as follows:

• We propose VSS-SLAM, a system composed of two
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threads: tracking and mapping. The tracking thread
directly optimizes the camera pose by rendering images
and depth, while the mapping thread leverages voxelized
surfels to achieve high-precision reconstruction of the
environment.

• We utilize voxels to segment the unknown scene and
guide the structured distribution of primitives, effec-
tively reducing memory requirements and improving the
geometric accuracy of the map.

• We utilize three MLP networks to decode the informa-
tion stored in voxel vertices to generate neural surfels.
Using neural surfels as the map representation signifi-
cantly enhances the accuracy of rendering. Additionally,
we introduce a learnable scale during decoding to
constrain the shape of the neural surfels.

• Our system was evaluated on the Replica [21] and
TUM-RGBD [22] datasets, achieving higher rendering
accuracy while reducing memory usage by 78%.

II. RELATED WORKS

A. NeRF-SLAM

NeRF can train continuous volumetric scene functions
from sparse views, enabling high-fidelity scene reconstruc-
tion. In recent years, this technique has been widely applied
in dense SLAM systems. iMAP [23] was the first SLAM
system to use a multilayer perceptron (MLP) as a scene
representation, enabling real-time incremental training of
implicit scene networks. Nice-SLAM [10] employs a coarse-
to-fine hierarchical voxel grid to encode the scene, allowing
for local map updates and effectively mitigating the issue of
forgetting. Orbeez-SLAM [13] uses ORB-SLAM2 [24] as
the visual odometry frontend, combined with a fast NeRF
framework to achieve real-time dense map generation. Co-
SLAM [12], ESLAM [25], and Point-SLAM [11] use multi-
resolution hash grids, multi-scale axis-aligned feature planes,
and neural point clouds, respectively, to encode scenes,
achieving high-precision surface reconstruction through fea-
ture interpolation.

B. 3D Gaussian Splatting

3D Gaussian Splatting [14] uses explicit primitives for
scene modeling and achieves fast rendering through rasteriza-
tion. This approach has been extended to surface reconstruc-
tion [26]–[28] tasks, enabling high-precision reconstruction
of surfaces. Additionally, some methods manage primitives
by introducing data structures like voxels [27] or octrees [29],
which enable more structured Gaussian distributions and thus
achieve higher rendering accuracy. Other approaches focus
on using 3DGS as a SLAM map representation to achieve
high-fidelity online reconstruction of scenes. SplaTAM [16]
uses isotropic Gaussians to represent scenes, combining
them with silhouette masks for fast mapping and pose
optimization. MonoGS [17] employs Lie algebra for joint
optimization of camera and Gaussian parameters. GS-SLAM
[18] introduces a coarse-to-fine strategy for selecting reliable
3D Gaussians to improve camera pose estimation. Photo-
SLAM [20] integrates ORB-SLAM3 as the visual odometry

frontend and uses a Gaussian pyramid to learn multi-level
scene features. GS-ICP-SLAM [19] utilizes GICP [30] as
the frontend odometry and achieves fast mapping through
scale alignment.

III. METHOD

A. Overview

As shown in Fig.2, VSS-SLAM estimates camera poses
and performs incremental mapping using input RGB-D im-
ages. During the incremental mapping process, we employ
voxelized surfels as the scene representation. Specifically,
we use a voxel grid to segment the unknown scene, storing
geometric and appearance information as feature vectors at
the voxel vertices. This information is decoded into surfels
using three MLP networks, which are subsequently employed
for rendering and optimization. In the tracking thread, we di-
rectly optimize the camera pose by constructing photometric
and depth errors between the rendered data and the real data.

B. Voxelized Surfel

Scene representation. To address the issue of redundant
primitives generated during incremental mapping, we pro-
pose a scene representation better suited for incremental
expansion: voxelized surfels. The voxelized surfel module
is divided into the lower layer and the upper layer. The
lower layers voxel vertices are used to generate neural
surfels and guide their structured distribution. This structured
distribution effectively prevents the creation of redundant
primitives during incremental mapping, thereby improving
mapping quality. The upper layers neural surfels are decoded
from the feature vectors stored in the voxel vertices along
with a learnable scale, forming the final scene representation
used for rendering images and depth.

In the lower layer, we use voxel vertices to represent the
structure of the scene. Each voxel vertex is characterized by
the following parameters: voxel vertex position pv ∈ R3, a
32-dimensional feature vector fv ∈ R32, an offset δv ∈ Rk×3,
and a scale sv ∈ R3. Here, the feature vector represents the
properties of the neural surfels generated by the voxel vertex,
while k is a hyperparameter that indicates the number of
surfels that can be generated by each voxel vertex.

In the upper layer, we use neural surfels to represent
the scene, with each surfel parameterized as a specific 3D
Gaussian distribution. Therefore, each surfel is characterized
by the following parameters: 3D mean µ ∈ R3, covariance
matrix Σ ∈ R3×3, color c ∈ R3, and opacity o ∈ R. During
the optimization process, we decouple the covariance matrix
into a rotation matrix R and a scale matrix S:

Σ = RSSTRT (1)

The matrix S is a diagonal matrix where the first two
diagonal elements represent the lengths of the two axes of
the surfel, and the third element is zero. Therefore, we can
further represent the rotation as a quaternion q ∈ R4 and the
scale as a 2D vector s ∈ R2.

Decoding. As shown in Fig.2(b), we use three MLP
networks to generate neural surfels by decoding the feature
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Fig. 2: An overview of VSS-SLAM. VSS-SLAM operates with two parallel threads: tracking and mapping. The tracking thread leverages
a constant velocity motion model to initialize the camera pose, which is then refined using the voxelized surfel map. Upon determining
that the current frame qualifies as a keyframe, the tracking thread transmits the associated data to the mapping thread. The mapping
thread subsequently expands the voxel grid based on the camera pose and RGB-D data, followed by rendering and map optimization. The
rendering process is structured into four key steps: (a) retrieving all voxel vertices within the camera frustum; (b) decoding the feature
vector fv , offset δv , and scale sv from the voxel vertices to generate k surfels; (c) rasterizing the surfels to produce the rendered image
and depth; (d) constructing an error term from the rendered image and depth to optimize both the map and pose.

vector of the voxel vertex to obtain color, opacity, and covari-
ance (represented by networks Fc, Fo, and FΣ, respectively).
The decoding of color and opacity follows a similar process:

c = Fc(fv, r) o = Fo(fv, r) (2)

where r represents the observation direction from the camera
to the voxel vertex. For the estimation of covariance, we
directly estimate the quaternion q ∈ R4, which represents
the rotation, and a normalized scale sn:

q, sn = FΣ(fv, r) (3)

Learnable scale. The decoded color, opacity, and rotation
can be directly used as the parameters for the neural surfel.
However, for the 3D mean µ and the 2D scale s, these need
to be computed using the learnable scale sv of the voxel
vertex:

s = sn · sv µ = pv + sigmoid(sv · δv) · size (4)

where size represents the size of the voxel, and sigmoid()
is applied to sv ·δv to constrain it. This helps ensure that the
neural surfels generated by the voxel vertices do not shift
too far, thereby preventing damage to the scene’s geometric
structure.

C. Mapping

The goal of the mapping thread is to initialize the param-
eters of the voxel vertices and perform training given the
camera intrinsics K, pose T, image Igt, and depth Dgt of
the i-th frame. The mapping process is divided into three
stages: voxel expansion, rendering, and optimization.

Voxel Expansion. First, the depth D is projected into the
camera coordinate system using the intrinsics K to obtain
a point cloud. This point cloud is then transformed into the
world coordinate system using the pose T, resulting in the

point cloud Pw. For each point pw in the point cloud Pw,
we compute the corresponding voxel coordinate vw ∈ R3.

vw = round(
pw

sv
) · size (5)

The round() function is used to round the coordinates. Then,
for each coordinate, we check: if the coordinate has not been
created yet, we create the corresponding voxel vertex; if it
has already been created, we skip that coordinate.

Rendering. After creating the new voxel vertices, we
generate neural surfels for rendering. For a given set of
voxel vertices Vw = {v0,v1, . . . ,vm−1}, we obtain the set
of neural surfels Sw = {s0, s1, . . . , sm×k−1} according to
the decoding process described in III-B. Next, we perform
rendering by rasterizing the neural surfels.

Following 2DGS [26], we define the surfels on a local
plane in the world coordinate system:

Surf(u, v) = H(u, v, 1, 1)T , where H =

[
RS µ
0 1

]
(6)

This local coordinate system can be transformed into Nor-
malized Device Coordinates (NDC) using the perspective
projection matrix P and the camera extrinsic matrix T:

(xz, yz, z, 1) = PTSurf(u, v) = PTH(u, v, 1, 1)T (7)

Define the pixel coordinates on the screen as (x, y). The
ray originating from this pixel can be parameterized as the
intersection of the plane hx = (−1, 0, 0, x)T and the plane
hy = (0,−1, 0, y)T . In the local coordinates of the surfel,
the x and y planes can be expressed as hu = (PTH)Thx

and hv = (PTH)Thy . Using (x, y), the local coordinates
u of the intersection point on the surfel can be computed:

u(x, y) = (
h2
uh

4
v − h4

uh
2
v

h1
uh

2
v − h2

uh
1
v

,
h4
uh

1
v − h1

uh
4
v

h1
uh

2
v − h2

uh
1
v

) (8)
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Furthermore, we can compute the weight of the intersection
point relative to the surfel based on the Gaussian distribution:

α(u) = exp

(
−u2 + v2

2

)
(9)

Finally, we can compute the color and depth of the pixel:

C(x, y) =
∑
i=1

ciwi

i−1∏
j=1

(1− wj)

Z(x, y) =
∑
i

Tiwizi/(
∑
i

Tiwi + ϵ)

(10)

where wk = okαk(u(x, y)) , Ti =
∏i−1

j=1(1− ojαj(u(x))).
Optimization. For each pixel, we render the color and

depth to obtain the image Ir and depth Dr. The input
image Igt and depth Dgt are used as supervisory signals
to construct the residual function:

L = am ∥Ir − Igt∥+ (1− am) ∥Dr −Dgt∥ (11)

where am is a hyperparameter with a typical value of 0.8.
We optimize the map by minimizing the above loss function.
Specifically, we update the information in the voxel vertices
and the weights of the decoder network.

D. Tracking

The tracking thread primarily performs the task: pose
estimation using the input RGBD data. In our system, the
current camera pose Ti is defined as the transformation from
the world coordinate system to the camera coordinate system,
with the pose of the previous frame denoted as Ti−1. Based
on the constant velocity model, the initial value of the current
camera pose is set as T∗

i = Ti−1T
−1
i−2Ti−1. Using this

initial pose, we perform image and depth rendering as in
III-C, and then construct the residual:

Lt = (at ∥Ir − I∥+ (1− at) ∥Dr −D∥)⊙mask (12)

where at is a hyperparameter with a typical value of 0.65.
The mask represents a valid depth mask, which retains only
the data with valid depth values. Unlike the mapping process,
we keep the information within the voxels and the decoder
network fixed. The pose is optimized via gradient descent to
minimize the residual mentioned above.

IV. EXPERIMENTS

A. Experimental Setup

Datasets. We evaluated VSS-SLAM on two well-known
datasets: Replica [21] and TUM-RGBD [22]. Replica is
a synthetic dataset widely used for evaluating NeRF-base
SLAM and 3DGS-base SLAM. TUM-RGBD, on the other
hand, is a more challenging real-world dataset with lower
image quality and significant motion blur.

Metrics. For the mapping component, we evaluated image
rendering quality using Peak Signal-to-Noise Ratio (PSNR),
Structural Similarity (SSIM), and Learned Perceptual Image
Patch Similarity (LPIPS). Depth rendering quality was as-
sessed using L1 loss. Tracking accuracy was evaluated using

the Root Mean Square Error (RMSE) of Absolute Trajectory
Error (ATE) for each frame.

Baselines. For NeRF-based SLAM, we selected NICE-
SLAM [10], Orbeez-SLAM [13] and Point-SLAM [11] as
baselines. For 3DGS-based SLAM, we chose SplaTAM
[16], GS-SLAM [18], MonoGS [17],GS-ICP-SLAM [19]
and Photo-SLAM [20] as baselines.

Implementation details. All evaluations were conducted
on a PC with an Intel Core i7-11700 (16 cores @ 2.50GHz),
32GB RAM, and a single NVIDIA GeForce RTX 3090 GPU.
The metrics for all methods are averaged over five runs.

B. Rendering Evaluation

As shown in Tab.I, our method demonstrates significant
advantages in depth and image rendering quality compared
to other baselines. In particular, we achieve an average
50% improvement in depth rendering over the state-of-
the-art (SOTA). This indicates that our system performs
highly accurate reconstructions and enables high-fidelity
image rendering. We attribute this success to using voxelized
surfels for incremental mapping, which ensures a structured
distribution of primitives. Additionally, the neural surfels
decoded through the network enable more precise image and
depth rendering, leading to more efficient and accurate scene
representation.

As shown in Fig.3, we rendered images and depth from
novel viewpoints. In these challenging perspectives, both
SplaTAM [16] and GS-ICP-SLAM [19] exhibit significant
distortions in the rendered images, while the depth suffer
from considerable holes and edge noise. In contrast, our
method produces higher-fidelity images and more accurate
depth. We attribute this improvement to the voxelized Gaus-
sians, which enable more precise and comprehensive geomet-
ric reconstructions. Additionally, we introduced a learnable
scale and offset to decode the geometric parameters of the
surfels, ensuring that the surfels are properly distributed
around the voxel vertices and effectively preventing them
from degenerating into pathological, elongated ellipses.

Tab.II shows the rendering performance of our method
on the TUM-RGBD [22] dataset. Our approach achieved
the best results in both image and depth rendering. The
TUM-RGBD [22] dataset is collected in real-world scenarios,
where the sensor suffers from significant noise, and the
images exhibit noticeable motion blur. These challenges
make scene reconstruction particularly difficult, especially
regarding the geometric structure of the scene. VSS-SLAM
overcame these issues by using voxelized surfels to guide
the uniform distribution of primitives, effectively addressing
geometric distortions.

C. Tracking Evaluation

As shown in Tab.III, we evaluated the camera ATE RMSE
during tracking on the TUM-RGBD [22] dataset. We cate-
gorize the methods into classic-based and learning-based ap-
proaches. Classic-based methods use established algorithms
such as ORB-SLAM2 [24] and GICP [30] as the front-
end visual odometry, decoupling tracking from the Gaussian
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TABLE I: Comparison of rendering results on Replica [21]. We report four mapping metrics: PSNR[dB]↑, SSIM↑, LPIPS↓ and Depth
L1[cm]↓ .* denotes results obtained by running the official code. Our image rendering metrics are comparable to those of GS-ICP-SLAM
[19] and significantly outperform other baselines. In terms of depth rendering metrics, our method outperforms all other approaches. The
top three results are highlighted as follows: first , second and third .

Method Metric Office0 Office1 Office2 Office3 Office4 Room0 Room1 Room2 Avg.

NICE-SLAM* [10]
PSNR↑ 29.27 30.12 18.96 22.28 24.71 22.23 22.87 24.32 24.35
SSIM↑ 0.876 0.889 0.789 0.799 0.859 0.685 0.767 0.832 0.812

(CVPR2022) LPIPS↓ 0.229 0.181 0.235 0.209 0.198 0.330 0.271 0.208 0.233
Depth L1↓ 1.41 1.59 2.72 2.15 2.06 1.82 1.39 2.28 1.93

Point-SLAM* [11]
PSNR↑ 38.72 39.65 34.02 33.29 33.52 32.49 34.02 35.49 35.15
SSIM↑ 0.982 0.987 0.968 0.962 0.972 0.976 0.979 0.977 0.975

(ICCV2023) LPIPS↓ 0.101 0.119 0.149 0.142 0.151 0.109 0.119 0.112 0.125
Depth L1↓ 2.15 3.51 5.10 2.93 4.66 3.16 4.96 5.06 3.94

SplaTAM* [16]
PSNR↑ 38.44 39.17 31.97 29.70 31.81 32.86 33.89 35.25 34.14
SSIM↑ 0.982 0.981 0.967 0.949 0.945 0.979 0.971 0.984 0.970

(CVPR2024) LPIPS↓ 0.084 0.097 0.097 0.119 0.157 0.069 0.097 0.072 0.099
Depth L1↓ 0.38 0.27 0.66 1.35 1.24 0.49 0.44 0.57 0.68

GS-SLAM [18]
PSNR↑ 38.70 41.17 32.36 32.03 32.92 31.56 32.86 32.59 34.27
SSIM↑ 0.986 0.993 0.978 0.970 0.968 0.968 0.973 0.971 0.976

(CVPR2024) LPIPS↓ 0.05 0.033 0.094 0.110 0.112 0.094 0.075 0.093 0.083
Depth L1↓ 0.81 0.96 1.41 1.53 1.08 1.31 0.82 1.26 1.15

GS-ICP-SLAM* [19]
PSNR↑ 41.54 42.57 36.06 36.23 38.32 34.70 37.16 37.74 38.04
SSIM↑ 0.979 0.982 0.971 0.965 0.970 0.957 0.967 0.971 0.970

(ECCV2024) LPIPS↓ 0.038 0.038 0.050 0.047 0.050 0.055 0.052 0.056 0.048
Depth L1↓ 2.94 2.28 4.18 3.73 3.56 7.03 4.81 4.03 4.07

Ours

PSNR↑ 42.64 42.90 37.42 37.25 39.09 35.98 38.89 37.91 39.01
SSIM↑ 0.983 0.981 0.975 0.965 0.973 0.978 0.972 0.972 0.975
LPIPS↓ 0.032 0.033 0.046 0.042 0.043 0.043 0.038 0.062 0.042
Depth L1↓ 0.23 0.13 0.29 0.50 0.35 0.45 0.26 0.51 0.34

O
ur
s

G
S-
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P

SL
A
M

Sp
la
TA

M

Fig. 3: Novel View Rendering on Replica. In these challenging viewpoints, GS-ICP-SLAM [19] and SplaTAM [16] exhibited significant
holes and distortions in both image and depth rendering. VSS-SLAM achieved superior performance in both image and depth rendering,
attributed to its precise geometric reconstruction.
TABLE II: Comparison of rendering results on TUM-RGBD
[22]. We report three mapping metrics: PSNR[dB], SSIM, LPIPS.

Method PSNR[dB]↑ SSIM↑ LILPS↓

NICE-SLAM [10] 14.10 0.574 0.395
Point-SLAM [11] 21.40 0.738 0.447
SplaTAM [16] 23.46 0.906 0.156
Photo-SLAM [20] 21.90 0.763 0.187
GS-ICP-SLAM [19] 20.39 0.762 0.227
Ours 24.57 0.919 0.124

map or NeRF map. Learning-based methods leverage the
constructed scene map to directly align camera poses through
rendered images and depth. Orbeez-SLAM [13] achieved the
best tracking performance, indicating that the robustness of
classic methods still holds a strong advantage. Among the
learning-based methods, our approach demonstrated the best
average performance.

As shown in Tab.IV, we evaluated eight sequences from
the Replica dataset and reported the ATE RMSE of the

TABLE III: Tracking performance comparison on the TUM-
RGBD [22]. We report the camera ATE RMSE[cm]↓ during track-
ing. The methods are categorized into classic-based and learning-
based approaches. Among the learning-based methods, our ap-
proach achieved the best average performance.

Method fr1/desk fr2/xyz fr3/office Avg.

classic
Orbeez-SLAM [13] 1.90 0.30 1.00 1.07
GS-ICP-SLAM [19] 2.70 1.80 2.70 2.40
Photo-SLAM [20] 2.60 0.35 1.00 1.32

learning

NICE-SLAM [10] 2.80 2.10 7.20 4.03
Point-SLAM [11] 2.70 1.30 3.90 2.63
GS-SLAM [18] 3.30 1.32 6.60 3.74
SplaTAM [16] 3.35 1.24 5.16 3.25
Mono-GS [17] 1.49 1.60 1.55 1.55
Ours 1.56 1.39 1.51 1.49

camera during tracking. Among the learning-based methods,
we achieved the best performance. Unlike classical methods,
learning-based approaches align the camera pose by render-
ing images and depth. Consequently, the tracking accuracy
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(a) Non-voxelized (b) Voxelized (Ours)

Fig. 4: Effectiveness of Voxelization. We demonstrate the mapping results as a colored point cloud to compare two different primitive
expansion strategies during the incremental mapping process: non-voxelized (SplaTAM [16]/Surfel-SLAM) and voxelized (VSS-SLAM/V3-
SLAM). It is evident that the non-voxelized strategy results in a large number of redundant primitives that are incorrectly distributed,
where as the voxelized strategy employs fewer primitives to represent the scene more accurately.

TABLE IV: Tracking performance comparison on the Replica
[21]. We report the ATE RMSE[cm]↓ of the camera during tracking
across 8 sequences.

Method o0 o1 o2 o3 o4 r0 r1 r2 Avg.

classic Photo-SLAM [20] - - - - - - - - 0.60
GS-ICP-SLAM [19] 0.18 0.12 0.17 0.16 0.21 0.16 0.15 0.16 0.11

learning

NICE-SLAM [10] 0.88 1.00 1.06 1.10 1.13 0.97 1.31 1.07 1.07
Point-SLAM [11] 0.38 0.48 0.54 0.69 0.72 0.61 0.41 0.37 0.53
GS-SLAM [18] 0.52 0.41 0.59 0.46 0.70 0.48 0.53 0.33 0.50
SplaTAM [16] 0.44 0.27 0.26 0.36 0.56 0.30 0.45 0.31 0.37
Ours 0.32 0.22 0.28 0.29 0.39 0.25 0.30 0.21 0.28

TABLE V: Voxelized surfels ablation on Replica [21]. We report
the average mapping performance and memory usage [MB] across
8 sequences.

Method PSNR↑ SSIM↑ LILPS↓ Depth L1↓ Memory↓

SplaTAM [16] 34.14 0.970 0.099 0.68 289.8

Ours
Surfel-SLAM 36.55 0.971 0.072 0.42 278.2

V3-SLAM 38.52 0.974 0.050 0.62 65.5
VSS-SLAM 39.01 0.975 0.042 0.34 59.6

largely depends on the quality of the mapping. The voxelized
surfel representation constructs a higher-fidelity map, which
reduces tracking errors.

D. Ablation

VSS-SLAM primarily uses voxelized surfels as the foun-
dational representation for incremental mapping. The vox-
elized surfel is divided into two components: the voxel vertex
at the lower layer and the neural surfels at the upper layer.
To separately evaluate their effectiveness, we designed two
additional systems for experimentation. We evaluated their
performance in image rendering, depth rendering, and model
memory usage on the Replica dataset. Additionally, we used
SplaTAM [16] as a representative of mainstream 3DGS-
based SLAM.

Effectiveness of surfel. We designed the first experimental
system, Surfel-SLAM, where the voxel vertex was removed,
and surfels were directly used as the map’s primitives.
Notably, Surfel-SLAM was implemented based on SplaTAM.
As shown in Tab.V, Surfel-SLAM significantly improves
both image and depth rendering performance when using
surfels instead of 3DGS as the primitive. This improvement

TABLE VI: Learnable scale ablation on Replica [21]. We report
the four mapping metrics of our method without (w/o) and with
(w) learnable scale.

Method PSNR[dB]↑ SSIM↑ LILPS↓ Depth L1[cm]↓

w/o learnable scale 36.24 0.968 0.102 0.56
w learnable scale 39.01 0.975 0.042 0.34

is attributed to the fact that surfels can project more accu-
rately onto the camera plane.

Effectiveness of voxelization. We designed the second
experimental system, Voxelized-3DGS-SLAM (V3-SLAM),
to demonstrate the effectiveness of voxel-based scene ex-
pansion. Compared to VSS-SLAM, V3-SLAM retains the
voxel vertices at the lower layer but replaces the surfels
with 3D Gaussians. As shown in Fig.4, we illustrate the
impact of using voxels for expanding unknown scenes on
the distribution of primitives. The results indicate that voxel-
based scene partitioning effectively guides the distribution of
primitives to the correct locations and reduces the generation
of redundant Gaussians. Our method delivers better rendering
performance while using only 22% of the memory compared
to the SplaTAM model.

Effectiveness of the learnable scale. As shown in Tab.VI,
we verified the effectiveness of the learnable scale in map-
ping on the Replica dataset. After introducing the learnable
scale, the system achieved higher fidelity rendering and more
accurate geometric reconstruction. This improvement is due
to the learnable scale effectively constraining the geometric
properties of the neural surfels during decoding, preventing
them from degenerating into ill-shaped, elongated ellipses.

V. CONCLUSION

In this paper, we propose a novel SLAM, VSS-SLAM,
which employs voxelized surfels for incremental mapping
in unknown environments. Utilizing voxelized surfels as a
map representation effectively reduces redundant primitives
and improves the accuracy of geometric reconstruction. Ad-
ditionally, we directly align the camera pose through image
and depth rendering. Extensive experiments on benchmark
datasets demonstrate that VSS-SLAM excels in image ren-
dering, geometric reconstruction, and pose estimation.
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