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Figure 1. Illustration of our photo-realistic mapping results on Botanic Garden Sequence 1018 13. The pink dashed line represents the
running trajectory, with the entire trajectory being approximately 200 meters. The green square is the starting point and the red pentagram
is the endpoint. The rendering images at different locations are shown in the corners. The quantitative metrics are shown in the table.

Abstract

In this paper, we introduce GS-LIVM, a real-time photo-
realistic LiDAR-Inertial-Visual mapping framework with
Gaussian Splatting tailored for outdoor scenes. Com-
pared to existing methods based on Neural Radiance Fields
(NeRF) and 3D Gaussian Splatting (3DGS), our approach
enables real-time photo-realistic mapping while ensuring
high-quality image rendering in large-scale unbounded out-
door environments. In this work, Gaussian Process Re-
gression (GPR) is employed to mitigate the issues result-
ing from sparse and unevenly distributed LiDAR observa-
tions. The voxel-based 3D Gaussians map representation
facilitates real-time dense mapping in large outdoor envi-
ronments with acceleration governed by custom CUDA ker-
nels. Moreover, the overall framework is designed in a
covariance-centered manner, where the estimated covari-
ance is used to initialize the scale and rotation of 3D Gaus-
sians, as well as update the parameters of the GPR. We eval-
uate our algorithm on several outdoor datasets, and the re-
sults demonstrate that our method achieves state-of-the-art
performance in terms of mapping efficiency and rendering

quality. The source code is available on GitHub.

1. Introduction

Over the past two decades, simultaneous localization and
mapping (SLAM) has emerged as a cornerstone technol-
ogy underpinning advancements in robotics [6] and au-
tonomous driving [4, 5]. Typically, it relies on sensor
fusion techniques that leverage sparse feature representa-
tions [18, 19, 41, 42, 47, 51]. While effective in various con-
texts, these approaches have shown limitations in achieving
high-quality performance in 3D reconstruction and photo-
realistic environmental rendering. The landscape of re-
search in SLAM begins to shift with the advent of power-
ful neural scene representation techniques, notably Neural
Radiance Fields (NeRF) [22, 26] and 3D Gaussian Splat-
ting (3DGS) [12–14]. This paradigm shift leads to the de-
velopment of photo-realistic neural SLAM methods, which
greatly improve the fidelity of novel view-synthesis (NVS)
and environmental representation.
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Despite these advancements, it leaves an open problem
in the application of these novel scene representation tech-
niques to large-scale unbounded outdoor scenes. Current
methods have demonstrated remarkable performance in in-
door settings utilizing RGB-D sensors [8, 12, 21, 33, 43, 48]
and monocular cameras [8, 21]. However, their applica-
bility to outdoor scenes, where data acquisition is gen-
erally performed through multi-line spinning LiDAR and
non-repetitive scanning LiDAR, is constrained. These con-
straints are further compounded by the uncertainty of point
cloud scanning trajectories, leading to uneven point cloud
distributions. Moreover, in outdoor SLAM scenarios, the
movement is predominantly unidirectional, which leads to
a growing bias towards the camera direction during the opti-
mization of 3D Gaussians [13, 21]. This directional bias re-
sults in a significant degradation of rendering quality when
observed from new viewpoints. Several studies [7, 16, 45,
53] have explored the integration of dense neural scene rep-
resentations with conventional SLAM frameworks for out-
door scenes, yet significant challenges are encountered. The
extensive optimization time required for offline mapping
can result in over-fitting of 3D Gaussian representations to
supervised information, yielding higher image evaluation
metrics from these specific viewpoints [7, 45, 53]. These
leads to both inefficient processing and compromised im-
age synthesis quality from new perspectives, highlighting
the complexities of developing effective and versatile out-
door SLAM systems.

With the aforementioned discussions as a backdrop,
we propose GS-LIVM to achieve real-time performance
on photo-realistic 3DGS reconstruction for large-scale un-
bounded outdoor scenes. Our approach initiates with
tightly-coupled LiDAR-Inertial-Visual odometry [18, 47]
for precise state estimation and coordinate transformation
of colored point clouds. To address the issues of sparsity
and uneven distribution inherent in LiDAR point clouds, we
apply Gaussian Process Regression (GPR) [17, 27] to pre-
dict an evenly distributed point cloud as part of our photo-
realistic mapping process. The covariance output from the
GPR module informs the update of GPR parameters and
contributes to initializing scales and rotations of 3D Gaus-
sian, which accelerates 3D Gaussian optimization process.
We further leverage LiDAR’s new observations of the envi-
ronment to iteratively update the parameters of GPR and
the structure of 3D Gaussians. By continuously refining
our framework with covariance estimates and image render-
ing data, we achieve high-quality 3D photo-realistic recon-
struction and photo-realistic rendering in outdoor scenes.
Figure 1 shows the results of our real-time photo-realistic
mapping in Botanic Garden 1018 13 sequence. To the best
knowledge of the authors, our development is the first real-
time photo-realistic SLAM framework tailored for LiDAR-
Inertial-Visual fusion applications in large-scale unbounded

outdoor scenes.
In this paper, our main contributions are summarized as

follows:
• We employ GPR within voxel-level (Voxel-GPR) to con-

struct a uniform point cloud mesh grid, which effectively
addresses sparse and unevenly distributed LiDAR obser-
vations. Voxel-GPR facilitates the utilization of fewer
3D Gaussians than the original input without compro-
mising the performance, and this substantially reduces
GPU memory consumption and enhances the speed of 3D
Gaussians optimization.

• We develop a fast initialization technique for the scale and
rotation parameters of the 3D Gaussians, which enables
rapid convergence during map expansion. This approach
alleviates the decline in rendering quality resulting from
inadequate optimization iterations during fast movements
of the sensor platform.

• We devise an iterative optimization framework centered
on variance, for iteratively reducing noise and hastening
the convergence of the Voxel-GPR module. Moreover,
leveraging new observations from LiDAR, we introduce
a structural similarity regularization term to the existing
3D Gaussian map, thus bolstering the robustness of NVS.

• We conduct thorough validation on various outdoor
SLAM datasets using various LiDAR, IMU, and camera
configurations. The results showcase the superior capa-
bility of our algorithm to achieve real-time photo-realistic
mapping in large-scale unbounded outdoor scenes while
ensuring high-quality image rendering.

2. Related Works
Conventional Multi-Sensor Fusion SLAM. Conventional
SLAM systems typically rely on filter-based [41, 42, 51, 52]
or graph-based [30, 31, 49] solvers for ego state estima-
tion, which generally allows for robust, accurate, and fast
localization performance. In recent developments, LiDAR-
Inertial-Visual SLAM systems have emerged as a versa-
tile framework, which offers high-rate motion compensa-
tion, precise geometric structures, and rich texture infor-
mation [18, 19, 31, 51] that effectively mitigate issues in
challenging environments. Nevertheless, these methods still
primarily concentrate on geometric mapping, which limits
their capacity for achieving photo-realistic image rendering.

NeRF-based SLAM. NeRF uses a multi-layer percep-
tion (MLP) neural network and volume rendering to implic-
itly learn a 3D scene, with the network storing the structural
information of the scene [22]. However, this approach leads
to a significant increase in computational time in large-
scale environments. Moreover, the primary drawback of
the NeRF-based method is its extremely poor generalization
capability across different scenes. Some methods integrate
voxel [46, 54] or hash-tri-plane [11, 28, 36] representations
with MLPs as a way to construct maps, enabling recon-
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struction over larger areas. NeRF-SLAM [26] utilizes the
dense depth maps estimated from DROID-SLAM [35] as
additional information to supervise the training of Instant-
NGP [23]. H2-Mapping [9] and H3-Mapping [10] utilize hi-
erarchical hybrid representations to enhance the reconstruc-
tion and achieve impressive performance in indoor scenes
via RGB-D camera. NeRF-LOAM [3] and EINR [44]
gains better performance in large-scale environments, but
they mainly focus on geometry structure reconstruction in-
stead of photo-realistic rendering. Despite these aforemen-
tioned advancements, implicit representation methods still
face challenges regarding real-time performance, particu-
larly in outdoor scenes.

3DGS-based SLAM. To improve computational effi-
ciency, 3DGS utilizes sphere-based explicit scene represen-
tation, replacing time-consuming ray-based volume render-
ing with fast rasterization. This method accelerates NVS
and produces promising rendering quality. Aimed at photo-
realistic mapping, methods like SplaTAM [12], Gaussian-
SLAM [48], and GS-SLAM [43] showcase the substantial
benefits of 3DGS over conventional map representations in
SLAM tasks. MonoGS [21] utilizes a single RGB sensor
and introduces geometric regularization to address ambigu-
ities in incremental reconstruction, demonstrating promis-
ing results with monocular images in small-scale scenes.
Additionally, Photo-SLAM [8] leverages the classical vi-
sual odometry method ORB-SLAM3 [1] for precise state
estimation and constructs a hybrid Gaussian map integrated
with ORB features. They typically rely on RGB-D/RGB
camera sensors to achieve photo-realistic reconstruction in
indoor scene. On the other hand, DrivingGaussian [53],
StreetGaussian [45], and LIV-GaussMap [7] realize pho-
torealistic reconstructions based on multi-sensor fusion in
ourdoor scenes. However, these approaches are all of-
fline methods. Gaussian-LIC [16], developed within a fu-
sion SLAM framework [15], claims to provide high-quality
photo-realistic mapping performance. However, it is re-
ported that each keyframe iteration takes about one second,
which is far slower than the 100 milliseconds requiring for
real-time mapping. Additionally, it struggles to process en-
tire outdoor sequences due to GPU memory overflow, as it
employs millions of 3D Gaussians to reconstruct the com-
plete scene. MM3DGS SLAM [34], MM-Gaussian [38],
and HGS-Mapping [39] complete multi-modal sensor fu-
sion reconstruction in urban scenes. However, these meth-
ods are similar to offline method [7], which extend the op-
timization iteration to enhance performance metrics, yet it
remains insufficient for achieving real-time capabilities.

3. Methodology
In this work, we rely on the online LiDAR-Inertial-Visual
fusion SLAM framework [18, 47] for robust state estima-
tion and point coordinate transformation. To address spar-

Figure 2. The system processes input from point cloud data ob-
tained from LiDAR, motion data from an IMU, and monocular
color image captured by a camera. In the tracking thread, the
ESIKF algorithm is employed to track motion, producing odome-
try output at the IMU frequency. In the mapping thread, the ren-
dered color point cloud is utilized for Voxel-GPR, after which the
initialized 3D Gaussian data is integrated into a dense 3D Gaussian
map for rendering optimization. The final output is a high-quality,
dense 3D Gaussian map. Notations C, D, and S denote the raster-
ized color image, depth image, and silhouette image, respectively.
� represents the global hash-colored map, which provides neigh-
boring query points for the recently scanned LiDAR points.

sity issue of LiDAR point cloud, we introduce voxel-level
GPR (Voxel-GPR) in Section 3.1. In Section 3.2, we in-
troduce a method to estimate the initial scale and rotation
parameters of 3D Gaussians based on Voxel-GPR to speed
up the convergence. Following this, we present our itera-
tive system in Section 3.3, which encompasses updates to
the GPR parameters, map expansion, similarity regulariza-
tion, and implementation details. The brief overview of our
framework is illustarted in Figure 2.

3.1. Voxel-Level Gaussian Process Regression

A series of studies [7, 16, 52] demonstrate that uneven
point clouds in the 3DGS framework lead to memory in-
efficiency and reduced optimization. Offline methods can
directly utilize original point clouds since occlusion and in-
sufficient supervision are managed by density control algo-
rithms. However, in dynamic scenarios, rapid perspective
changes cause uneven gradient supervision, hindering quick
convergence (refer to ablation experiments in Section 4.4).
To address this, we introduce Voxel-GPR, which employs
GPR to uniformly transform point clouds at the voxel level,
enhancing the efficiency of 3D Gaussian map optimization.

For each scanned voxel in continuous frame, we utilize
Voxel-GPR for point cloud completion and to generate an
evenly sampled point cloud Pf� based on the uneven in-
put Pf . The pseudocode for Voxel-GPR implemented us-
ing CUDA is provided in Algorithm 1. We first apply a
hash function to Pf and simultaneously record the visited
voxel hash points as Supdated. The pseudocode from Pf to
Supdated in line 1 is introduced in the supplementary ma-
terials. Then we perform Voxel-GPR processing on each
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Algorithm 1: Voxel-GPR for processing single-
frame collected point clouds.

Input: Pf , C (Global Stored P oint Cloud in V oxels)
Output: Pf�

1 Supdated � ALG.STORE(Pf , C)
2 (CUDABatched) for Hp in Supdated do
3 P� = Supdated[Hp] � points
4 V� = ALG.PCA(P�)
5 switch V� do
6 case X do
7 f� � Px

�, x� �
�
Py

� Pz
�

��

8 x�� � ALG.MESHGRID( Py
�� , Pz

��)
9 case Y do

10 f� � Py
�, x� �

�
Pz

� Px
�

��

11 x�� � ALG.MESHGRID( Pz
�� , Px

��)
12 case Z do
13 f� � Pz

�, x� �
�
Px

� Py
�

��

14 x�� � ALG.MESHGRID( Px
�� , Py

��)
15 end
16 f [Hp] � f�, x[Hp] � x�, x�[Hp] � x��

17 end
18 (CUDABatched) K � �(x, x�)
19 (CUDABatched) K� � �(x, x�)
20 (CUDABatched) K�� � �(x�, x�)
21 (CUDABatched) µ�, �� � ALG.SOLVE (3)
22 Pf� = (f�, x�)

voxel parallelly.
For the �th voxel, when the number of points contained

is sufficient to meet the point count threshold � , we conduct
Voxel-GPR operations on it. Let n denote the number of
points in P�. P� � Rn×3 represents the training subset of
point clouds contained within this voxel. Inspired by [27],
we compute the eigenvector V� of point cloud P� by prin-
cipal component analysis (PCA), and then determine the an-
gles between V� and the three axes X, Y, and Z, respec-
tively. Then, the axis with the smallest angle is defined as
the value axis and the projection of P� onto the value axis is
denoted as f� (f� � Rn), while the other two axes are con-
sidered as the parameter axes and the projection of P� onto
the parameters axis is denoted as x� (x� � Rn×2). Note
that f� = y� +�, where y� is noise-free observations, noise
� � N (0, �2) is independently added to each observation,
where � is the pre-defined sensor variance (or the updated
variance from Section 3.3). P� in �th voxel is assigned a
random variable f� and the joint distribution is given by

p(f� | x�) � N (f� | µ�, K�) (1)

where µ� is the mean value in each axis. K� = �(x�, x�)
and � is a positive definite kernel function defined
as � (x�i, x�j) = exp


��(x�i � x�j)(x�i � x�j)��

,

which is a scale value representing the distance between
variable x�i and x�j , and � is a constant (� = 1 in our
experiments).

(a) (b)

Figure 3. (a) Illustration of Voxel-GPR for the �th voxel involves
processing voxels that contain a sufficient number � of points. The
depicted surface illustrates the distribution of the predicted points,
where the variance decreases from areas marked in red to those in
green. (b) Illustration depicts the initialization of 3D Gaussians.
As indicated by the curved orange arrow, we consider the points
within the neighborhood (black dash region). The green spheres
represent the fitted 3D Gaussians.

Each side of �th voxel consists of ns intervals. To gen-
erate the point cloud P�� � Rn�×3 (n� = n2

s), we first gen-
erate evenly spaced mesh grids x� on the plane determined
by parameter axes, which are then used as queries to the
Voxel-GPR module to obtain f�� � Rn� along value axis.
Following the definition of a general GPR problem [27], the
joint distribution of observations f� and predictions f�� is
again a Gaussian distribution which can be partitioned into

�
f�

f��

�
� N

�
0,

�
K� + �2I K��

K�
�� K���

��
(2)

where K�� = �(x�, x��) and K��� = �(x��, x��).
With n training data and n� prediction data, the predicted
µ�� and ��� are

p (f�� | x��, x�, f�) = N (f�� | µ��, ���)

f�� = µ�� = K�
��(K� + �2I)�1f� (3)

��� = K��� � K�
��(K� + �2I)�1K��.

The prediction points P�� is given by (f��, x��), where
x�� is the evenly spaced mesh grids. Moreover, ��� �
Rn�×n� is the estimated variance of P��. The prediction
P�� and ��� serve as representatives for �th voxel and will
be included in the initialization of the 3D Gaussians in Sec-
tion 3.2. Results of Voxel-GPR is depicted in Figure 3(a).

By leveraging CUDA’s parallelization capabilities, we
efficiently handle hundreds or thousands of voxels simul-
taneously, even in large-scale map expansions, it takes
less than 30 milliseconds. The pseudocode for the CUDA
batched algorithm ALG.SOLVE in line 21 of the Voxel-
GPR algorithm is provided in the supplementary materials.
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3.2. Efficient Initialization of 3D Gaussians
In our implementation of map management, each Gaussian
Mk is defined by position pk � R3, covariance matrix
�k � R3×3, opacity �k � R, and zero degree Spherical
Harmonics (SHs) Yk � R3 per color channel. The scene of
our dense 3DGS map M is

M = {(Mk : pk, �k, �k, Yk) | k = 1, 2, · · · , N} (4)

where N is the number of 3D Gaussians in the dense map.
In the original implementation of 3DGS [13], 3D covari-

ance matrix �k � R3×3 of kth Gaussian is initiated as

�k = RkSkS�
k R�

k (5)

where Sk is the scale vector calculated by finding the near-
est distance to surrounding neighbors as described in [29],
and Rk is uniformly initialized as a constant and stored as a
4D quaternion. Benefited from Voxel-GPR, we develop an
efficient initialization algorithm for calculating the covari-
ance matrix �k of Mk.

In Section 3.1, the prediction side interval of the �th
voxel is ns, and the prediction results within this voxel can
be divided into ns × ns subgrids. In our actual code im-
plementation, we predict the surrounding nr neighboring
points for each interval additionally. Therefore, the number
of predicted points on each side of the �th voxel is ns × nr.
Next, we will discuss the algorithm to initialize 3D Gaus-
sians for each subgrid.

Points in the �th subgrid are defined as G� = {(P�
f�)�

i �
R3, w�

i � R}, where w�
i is the weight coefficient for the

ith point in the �th grid, given by w�
i = 1/��

�i, and ��
�i is

the covariance for the ith point. We use a sphere to regress
G� in this subgrid, as shown in Figure 3(b). Following this,
the position p� of the initial 3D Gaussian in this �th subgrid
is given by

p� =
Pn2

r
i=1(P�

f�)�
i · w�

i
Pn2

r
i=1 w�

i

(6)

For scale and rotation parameters of each Gaussian, we fit
neighbor by calculating the covariance matrix �� in �th
grid as

�� =
Q� · diag(w�

1 , w�
2 , . . . , w�

n2
r
) · Q

Pn2
r

i=1 w�
i

(7)

where Q = (P�
f�)� � p� . The calculation of Q described

above involves subtracting p� from each row of (P�
f�)� ,

resulting in Q having a dimension of n2
r × 3. The scale

parameter S� in �th subgrid is given by

S� = diag(��) (8)

and R� of this 3D Gaussian is set to identity quaternion. S�

and R� are used to estimate initial shape of 3D Gaussians.
For color information, we reproject p� to current image by
camera extrinsic, grab the color in this RGB image, and
calculate the initial SHs Y .

By employing the aforementioned methods, we compute
the parameters of ns × ns Gaussians for the �th voxel.
These 3D Gaussians serve as representatives of �th voxel in
space. Experimental results demonstrate that this approach
significantly accelerates the optimization efficiency of 3D
Gaussians while ensuring high-quality rendering.

3.3. Iterative photo-realistic Mapping Framework
Map Expansion and Covariance Update. For the voxels
in the scene, we categorize them into four types: (a) un-
explored voxels or those that do not meet the processing
threshold � (Figure 4(a)); (b) voxels that meet the process-
ing threshold but have not yet been added to the map (Fig-
ure 4(b)); (c) voxels that are already included in the map
but are still in an active state, meaning that their variance
has not yet reached the convergence threshold � and they
requires further Voxel-GPR optimization (Figure 4(c)); and
(d) voxels that have completed convergence in Voxel-GPR
module (Figure 4(d)).

(a) (b) (c) (d)

Figure 4. This illustration presents four types of voxels in hash
voxel map. Small dots marked in black represent new scanned
points cloud from LiDAR, with their variance corresponding to the
sensor’s inherent noise. Larger dots highlighted in dark blue are
from the meshgrid, poised for processing via Voxel-GPR, while
the small dots in light blue have undergone variance updates. The
ellipsoids are shaded in various colors, where each color signifies
the magnitude of their variance.

To increase the processing speed, we do not process
types (a) and (d) by the Voxel-GPR module. Our main focus
is on processing the type (b) voxels, after which we expand
these updated voxels to the dense map M. The expansion
is determined by whether the number of updated voxels ex-
ceeds a certain threshold, which can be found in the details
of our code. For type (c) voxels, we update the original
variance with the estimated value from the previous itera-
tion. We then conduct the Voxel-GPR calculation again by
stacking new observation points with the original points un-
til the Voxel-GPR process converges for this voxel, at which
point it transits to type (d).

Rendering and Delta Depth Similarity Loss. Similar
to [13], we rasterize 3D Gaussians M to the observation
camera with pose T and camera intrinsic 	. The color of
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one pixel is rendered by N ordered 3D Gaussians in depth,
photometric image C is rendered as

C =
X

i�N

ci�i

i�1Y

j=1

(1 � �j) (9)

where ci represents color obtained by learned SHs coeffi-
cients and �i is the density computed by multiplying 2D
covariance �� with opacity �i. We also rasterize per-pixel
depth D and silhouette image S to determine that if a pixel
contains information from the current map by �-blending
rendering similar to [12].

In the delta depth similarity loss, we rasterize two depth
image (DFc , DFc+1 ) and two silhouette image (SFc , SFc+1 )
to calculate delta depth similarity loss Ld between rela-
tive camera Fc = {DFc , SFc , 	Fc , TFc} and Fc+1 =
{DFc+1 , SFc+1 , 	Fc+1 , TFc+1}. Ld supervises the opti-
mization of the 3DGS dense map through gradient back
propagation. Ld is defined as

Ld = �SFc+1�DFc+1�	Fc+1TFc+1T�1
Fc

	�1
Fc

(SFc�DFc)�1
(10)

where � denotes the operation applied element-wisely to the
rendered depth image.

Structure Similarity Loss. For the scanned point cloud
in the latest frame Pf , we introduce the similarity loss Lp to
accelerate the optimization process. This loss measures the
Euclidean distance between the current 3D Gaussian map
M = {Mk : pk � R3, Sk � R3) | k = 1, 2, · · · , m}
and the latest scanned point cloud frame Pf , m and n are
the number of spheres and points, respectively. For each
scanned point within Pf , we identify the nearest 3D Gaus-
sian and calculate the Euclidean distance. Structure similar-
ity loss Lp is defined as the mean of the nearest distances
calculate by all points in Pf . Lp can be expressed as

Lp =
1
n

nX

j=0

min
k�{1,2,...,m}


�(Pf )j � pk�2 � S̄k

�
(11)

where S̄k is the mean value of kth 3D Gaussian scaling pa-
rameters.

Training. The mapping thread in our system maintains
a dense map composed of 3D Gaussians M and a continu-
ous camera queue. We separate this camera queue into two
parts: current visited camera window Qcurr and historical
camera queue Qhist. Qcurr consists of T latested added
cameras. We select kcurr frames Fcurr for map optimiza-
tion during each iteration. To prevent catastrophic forget-
ting of historical data, each iteration also randomly selects
khist historical frame Fhist from Qhist for joint optimiza-
tion. Rasterized image loss, delta depth similarity loss, and
structure similarity loss will be iterated to optimize the 3D

Gaussian dense map by minimizing

L = (1 � �s)�C � Cgt�1 + �sLssim
+�d

P
F��{Fcurr, Fhist} Ld(F�, F�+1) + �pLp

(12)

where Cgt and C are the observed image and the image ren-
dered by (9), respectively. Lssim is an SSIM [37] term. Ld
is the delta depth similarity loss calculated by kcurr current
frames Fcurr and khist historical frame Fhist in (10). Lp is
a structure similarity loss calculated in (11). �s, �d, and �p
are weights of SSIM loss, delta depth similarity loss, and
structure similarity loss, respectively.

4. Experiments
In this section, we first introduce the experimental setup in
Section 4.1, including datasets, baseline, and parameter set-
tings, etc. Then in Section 4.2, we mainly compare the ren-
der performance of dense maps. Section 4.3 provides the
analysis of mapping time and GPU memory consumption
of the framework. Section 4.4 shows ablation experiments
of the proposed framework.

4.1. Experiment Setup
Datasets. We carry out experiments on four public LiDAR
Inertial-Visual datasets, including R3LIVE [18] dataset,
FAST-LIVO [51] dataset, NTU-VIRAL [24] dataset, and
Botanic Garden [20] dataset. The first two datasets are
collected within the campuses of HKU and HKUST using
a handheld device equipped with a Livox Avia LiDAR at
10 Hz and its builtin IMU at 200 Hz, and a 15 Hz RGB cam-
era (image resolution: 640×512). The NTU-VIRAL [24]
dataset is collect by Ouster-16 multi-line spinning LiDAR,
which is more sparse than Livox LiDAR and the image res-
olution is 752×480. The Botanic Garden [20] dataset is
collected by a wheeled robot traversing through a luxuriant
botanic garden, point clouds from both multi-line spinning
LiDAR Velodyne VLP-16 and Livox Avia LiDAR are col-
lected and image resolution is 480×300.
Baselines and Metrics. We compare our method with the
existing state-of-the-art NeRF-based dense visual SLAM
NeRF-SLAM [26] and 3DGS-based SLAM [21]. Addition-
ally, the original offline implementation 3DGS [13] is also
used as a baseline for comparison. It should be noted that
RGB-D methods [8, 12, 33, 43, 48] are not suitable in out-
door scenes due to the poor performance, so these methods
are not included in comparison. We evaluate the render-
ing performance using PSNR, SSIM [37], and LPIPS [50].
Note that we run all the baselines on datasets and calculate
the mean metric among all observation images.
Implementation Details. Our framework is implemented
by CUDA/C++ using the LibTorch framework [2] under
Robot Operating System (ROS) [25], incorporating CUDA
code for Gaussian Splatting and trained on a desktop PC
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Table 1. Quantitative rendering performance comparison between radiance-field-based SLAM method [26], 3DGS-based SLAM
method [21], and original offline optimization [13] on R3LIVE dataset [18], FAST-LIVO dataset [51], NTU dataset [24], and Botanic
Garden dataset [20]. The results ranked from best to worst are highlighted as first , second , and third .

Nerf-SLAM [26] MonoGS [21] 3DGS [13] OursSequence LiDAR
Type PSNR� SSIM� LPIPS� PSNR� SSIM � LPIPS� PSNR� SSIM � LPIPS� PSNR� SSIM� LPIPS�

hku campus seq 00 Livox Avia 13.232 0.410 0.653 12.142 0.368 0.608 21.744 0.719 0.302 22.430 0.719 0.247
Visual Challenge Livox Avia 12.981 0.408 0.592 13.478 0.579 0.414 18.552 0.545 0.378 21.806 0.717 0.289

eee 02 Ouster-16 8.316 0.320 0.693 11.632 0.407 0.514 20.388 0.686 0.382 20.718 0.700 0.319
1005 00 Livox Avia 9.790 0.362 0.750 14.563 0.602 0.406 22.167 0.657 0.380 21.123 0.679 0.258

with a 5.50 GHz Intel Core i9-13900HX CPU, 64 GB RAM,
and a NVIDIA RTX 4060 Laptop 8 GB GPU. In all sce-
quences, the hyprparameters used in our experiments are
listed in the supplementary materials.

Figure 5. Illustration of the rendering performance on the NeRF-
based method [26] and the 3DGS-based method [13, 21] on se-
quence hkust campus seq 00, Visual Challenge, eee 03, 1005 00,
respectively.

4.2. Rendering Evalution

We conduct rendering comparisons using the 3DGS origi-
nal implementation [13], NeRF-SLAM [26], and Gaussian
Splatting SLAM [21]. All of these methods rely solely on
images as supervision. Due to limitations in GPU memory
and poor tracking performance, these methods [13, 21, 26]
are unable to complete the reconstruction task of the en-
tire environment. To facilitate comparison, we reduce the
size of the reconstruction scene and use camera poses and
depth maps calculated by COLMAP [29] as input for meth-
ods [13, 21, 26]. The camera pose in our framework is esti-
mated by multi-sensor fusion odometry. The reconstruction
sequence in the scene is limited to within 100 frames, and
the reconstruction time is limited to within 5 minutes. The

comparision of rendering performance are shown in Table 1
and Figure 5. It can be observed that due to the strict time
constraints, the reconstruction results of NeRF-SLAM [26]
and MonoGS [21] are relatively poor. Although 3DGS per-
forms well in some scenes, its offline optimization performs
poorly on NVS. Further details of the rendering experi-
ments and additional comparisons with other baselines can
be found in the supplementary materials.

Figure 6. Time consumption and GPU memory consumption on
Botanic Garden sequence 1018 13.

Table 2. Duration (DT), mapping Time (MT), count of 3D Gaus-
sians, and maximum memory cost (Mem) in photo-realistic map-
ping in different sequences.

Sequence DT (s) MT (s) Count Mem (Mb)

hku campus seq 00 202 202 1,209,666 2495
Visual Challenge 162 162 353,334 1353

eee 02 321 321 758,213 1523
1005 00 611 612 2,177,464 3492

4.3. Runtime and Memory Cost Analysis
The real-time performance criterion in our experiments is
that all collected image frames are processed, meaning that
the processing time for each frame t should satisfy t <=
D/C, where D is the duration of collected dataset and C is
the size of added tracking camera queue. The fill-between
plot in mapping time consumption over time in the Botanic
Garden sequence 1018 13 (duration: 208 s) is shown in
Figure 6. It can be observed that as time progresses, the
overall system consumption time remains mostly below the
real-time limit. The time consumption graph on longer se-
quences can be found in the supplementary materials.

As the mapping process advances, the consumption of
GPU memory escalates with an increasing number of 3D

26875



Gaussians. All sequences can be fully processed through
photo-realistic mapping on an 8 GB GPU when ns = 3.
Table 2 outlines experiment results on various sequences.

4.4. Ablation Study
We conduct an ablation study on the Voxel-GPR module
and the 3D Gaussians initialization algorithm module in our
system, as well as the structure similarity loss and the delta
depth similarity loss, as shown in Figure 7. It can be seen
that the construction of 3D Gaussians based on the origi-
nal point cloud (Figure 7(a)) does not consider the geomet-
ric dependencies in environment, which can lead to uneven
distributions of 3D Gaussians. Moreover, achieving the de-
sired optimization effect with Figure 7(b) and Figure 7(c)
takes 1.3 times longer, indicating that a reasonable initial-
ization method can accelerate the convergence. By adding
the structure similarity loss in Figure 7(d) and the delta
depth similarity loss in Figure 7(e) based on Figure 7(c),
the representation of details in the environment is enhanced,
resulting in images that are closer to real collected images.
The quantitative ablation experiment can be found in the ta-
ble in the supplementary materials.

Quantitative ablation experiments are shown in Table 3,
mainly comparing the differences in mapping time and
mean rendering metrics on all observation images of dif-
ferent hyper parameters. The first and second rows of each
sequence mainly compare the influence of parameter � on
mapping time and rendering metrics. Setting an appropri-
ate value for � can significantly impact mapping time for
different LiDAR configurations. A smaller � value results
in longer mapping times, but does not provide a clear im-
provement in render metrics. The 2nd to 4th rows com-
pare the effects of structure similarity loss and delta depth
loss on render metrics. It can be observed that adding these
two losses does not impact mapping time but can enhance
render metrics. The 4th and 5th rows in Table 3 and Fig-
ure 7(e)- Figure 7(f) compare the impact of ns on the re-
sults. In smaller scenes (e.g., 1018 13 in Botanic Gar-
den [20], hkust campus seq 00 in R3LIVE [18]), ns does
not affect mapping time and significantly improves render
metrics, but in larger scenes (e.g., hku main building in
R3LIVE [18]), ns may consume excessive time and GPU
memory. This illustrates the trade-off between accuracy and
speed. Expanded ablation experiments on more sequences
can be refered in the supplementary materials.

5. Conclusion
In conclusion, this paper presents GS-LIVM, a novel
real-time photo-realistic LiDAR-Inertial-Visual mapping
framework with Gaussian Splatting. Our approach en-
ables real-time photo-realistic mapping while ensuring
high-quality image rendering in large, uncontrolled out-
door scenes. In this work, we leverage Voxle-GPR to

(a) w/o Voxel-GPR (b) w/o our initialization (c) w/o SS

(d) w/o DDS (e) Full (ns = 4) (f) Full (ns = 3)

Figure 7. (a) Similar to [7, 16], each collected point corresponds
to a generated 3D Gaussian. (b) The use of a uniform initialization
method. (c) There is no structural similarity loss (SS) for the sin-
gle frame point cloud. (d) There is no delta depth similarity loss
(DDS) for the relative frame. (e) The combined results of all the
modules and losses are presented. Note that, ns = 4 in (a-e). (f)
The combined results of all the modules (ns = 3).

Table 3. Quantitative ablation comparison of hyperparameters in
various sequences, such as duration (DT), mapping time (MT),
interval of 3D Gaussians in voxel side ns , convergence variance
of Voxel-GPR �, structure similarity loss (SS), and delta depth
similarity loss (DDS).

Sequence DT (s) MT (s) ns � SS DDS PSNR SSIM

1240 3 0.1 � � 18.494 0.637
202 3 0.3 � � 19.005 0.647
202 3 0.3 � � 19.944 0.648
202 3 0.3 � � 19.292 0.640

hku
campus
seq 00

202

202 4 0.3 � � 20.143 0.672

891 3 0.2 � � 14.754 0.449
208 3 0.3 � � 16.039 0.475
208 3 0.3 � � 15.988 0.488
208 3 0.3 � � 15.732 0.461

1018 13 208

208 4 0.3 � � 17.982 0.493

tackle the sparsity issue in LiDAR point clouds. The
voxel-based 3D Gaussians map representation facilitates
real-time photo-realistic mapping in large-scale unbounded
outdoor scenes with the acceleration provided by custom
CUDA kernels. Additionally, the framework is structured
in a covariance-centered manner, where the estimated
covariance is utilized to initialize the scale and rotation
of 3D Gaussian, as well as update the parameters of the
Voxle-GPR. Experimental evaluations on various outdoor
datasets validate that our algorithm achieves state-of-the-art
performance in terms of mapping efficiency and rendering
quality. Moreover, the source code is publicly available,
facilitating further research and development in this area.



References
[1] Carlos Campos, Richard Elvira, Juan J Gómez Rodr�́guez,
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