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FusionGS-SLAM: Multiple Sensors Fusion for
Localization and Real-Time Photorealistic Mapping

Thanh-Danh Phan and Gon-Woo Kim , Member, IEEE

Abstract—This work presents a FusionGS-SLAM, a robust
framework for simultaneous localization and real-time photore-
alistic mapping leveraging the power of sensor fusion techniques.
To achieve this, the proposed method employs a tightly-coupled
technique to effectively combine multiple factors from improved
subsystems, thereby generating a robust odometry for the down-
stream tasks. Moreover, a dense 3D Gaussian map is constructed
by leveraging geometric information across sensor modalities, with
real-time mapping strategies designed to enhance robustness and
rendering quality in large-scale and challenging environments.
Experimental evaluation of various challenging scenes, including
the public and self-collected datasets, showcases the superior per-
formance compared to the current state-of-the-art 3DGS SLAM.

Index Terms—Mapping, real-time 3DGS mapping, multiple
sensor fusion, SLAM.

I. INTRODUCTION

S LAM has been a cornerstone for numerous applications
in robotics, providing precise localization and environ-

mental mapping for autonomous navigation, augmented reality,
and other perception-dependent tasks. Traditional SLAM sys-
tems [1], [2], [3] have focused primarily on geometric accuracy
for robust navigation, often representing environments as sparse
point clouds or occupancy grids.

Recent methods such as Neural Radiance Fields (NeRF) [4]
and 3D Gaussian Splatting (3DGS) [5] have improved photo-
realistic scene representation, enabling detailed and photoreal-
istic environmental maps. However, existing approaches face
substantial limitations in real-world deployment. Camera-based
systems [6], [7], [8] show promise but remain largely confined
to controlled indoor environments. These methods struggle with
fundamental outdoor challenges: scene scales, complex lighting
conditions, and dynamic robotic platform motion. The absence
of reliable depth information in purely visual systems creates
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scale ambiguity and mapping instabilities in unbounded envi-
ronments.

Recent sensor fusion approaches for photorealistic map-
ping [9], [10], [11], [12] have made progress by integrating mul-
timodal information. However, existing approaches [9], [12],
[13] either function similarly to offline methods by incorporating
extended optimization processes or achieve only sub-10 FPS
performance in real-time operation, limiting their applicability
for time-critical robotic applications.

Traditional multi-sensor SLAM approaches have focused on
geometric accuracy but lack realistic representation, while recent
neural rendering methods prioritize visual quality but struggle
with robust localization under varying conditions. This fun-
damental gap highlights the need for a unified approach that
maintains both robust tracking and high-quality mapping in chal-
lenging real-world scenarios. Motivated by these standpoints, we
propose FusionGS-SLAM, leveraging visual-LiDAR-inertial
fusion for robust localization and real-time photorealistic map-
ping capabilities. Our key contributions include:
� Proposing a visual-LiDAR-inertial framework in outdoor

environments, demonstrating robust localization while si-
multaneously delivering real-time, realistic mapping capa-
bilities.

� Developing effective photorealistic map construction
strategies by using the strengths of our sensor fusion sys-
tem, allowing the pipeline to work well in outdoor and
challenging environments.

� Extensive experiments were conducted to prove our pro-
posed frameworks’ robustness and effectiveness. We per-
form our systems on both public datasets and our self-
collected dataset to show the applicability of the system
and the superiority compared to the existing state-of-the-art
(SOTA) 3DGS SLAM pipelines.

The remainder is organized as follows: Section II presents
the related works in the field. Meanwhile, the whole framework,
including localization and photorealistic mapping techniques,
is illustrated in Section III. Lastly, the experimental results
and conclusion are manifested in Section IV and Section V
respectively.

II. RELATED WORKS

A. LiDAR-Inertial-Visual Fusion in SLAM

Multi-sensor fusion has emerged as a key strategy for improv-
ing localization reliability in challenging environments. LVI-
SAM [2] introduced a tightly coupled framework combining
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a visual-inertial system and LiDAR-inertial system, demon-
strating improved accuracy over single-modality approaches.
R3LIVE [14] efficiently integrates visual, LiDAR, and iner-
tial data with novel photometric methods for real-time colored
mapping. Meanwhile, Switch-SLAM [3] introduced a degen-
eration detection module and adaptively switches the systems
depending on the environmental structure. FAST-LIVO2 [15]
distinguishes itself through seamless integration of direct Li-
DAR, inertial, and visual measurements within a unified voxel
framework, eliminating the need for computationally intensive
feature extraction. These frameworks underscore the value of
adaptive sensor fusion, yet primarily prioritize geometric accu-
racy over visual quality, leaving the integration of robust fusion
with photorealistic rendering largely unexplored for real-time
applications in challenging environments.

B. Neural Rendering Approaches for Photorealistic SLAM

Traditional SLAM systems have prioritized geometric accu-
racy over visual fidelity. Recent rendering techniques have trans-
formed this landscape, with 3DGS [5] representing scenes as op-
timizable 3D Gaussian primitives, enabling significantly faster
rendering while maintaining high visual quality. This advantage
has spurred SLAM implementations like GSICPSLAM [8] and
PhotoSLAM [6], which demonstrated promising results primar-
ily in controlled indoor settings. The majority of high-quality
mapping solutions in online SLAM frameworks rely solely on
visual data. The methods [7], [16] optimize camera poses by
minimizing photometric differences between synthesized and
observed views. However, these approaches face challenges in
tracking speed and stability during rapid motion.

Several works have explored integrating 3DGS with sensor
fusion for more robust operation in unbounded environments.
The method like [11] achieves impressive photorealistic recon-
structions by combining LiDAR-visual-inertial inputs. While
these methods produce visually compelling results, they cur-
rently operate in offline settings, which limits their utility for
scenarios requiring on-the-fly processing. Recent efforts toward
online operation [9], [13], [17] have shown promising advances
in outdoor environment mapping. Nonetheless, these methods
tend to extend their optimization process to guarantee the map-
ping fidelity, which makes them akin to offline methods. The
letter [10] achieves photorealistic mapping through multisensor
fusion; however, its methodology—optimizing 100 keyframes
simultaneously—necessitates waiting for frames and their Gaus-
sian primitives formation, making it suboptimal for real-time
robotics applications. Despite these notable advancements, the
fundamental challenge of real-time, realistic mapping remains
largely unresolved, presenting significant opportunities for fur-
ther research.

III. LOCALIZATION AND 3D GAUSSIAN-BASED MAP

This section focuses on simultaneously estimating the pose
of the system along with the geometry of the environment in
the formation of a 3D geometric map and a 3DGS map. The
sensor system comprises a 3D LiDAR, camera, and IMU, with
the body frame assumed to coincide with the IMU frame. As
illustrated in Fig. 1, our framework first presents a localization

Fig. 1. System overview of FusionGS-SLAM’s pipeline.

module that fuses multiple sensor data through factor graph
optimization, followed by our approach to photorealistic map-
ping, which optimizes the hyper primitives of 3D Gaussians
with time-critical mapping strategies for robust performance in
outdoor environments.

A. Localization Module

The localization module integrates data from three primary
sources: visual odometry (VO), LiDAR odometry (LO), and
IMU preintegration factor, combined through factor graph opti-
mization. The system state is defined as:

χ =
[
RT pT vT bT

]T
(1)

where R ∈ SO(3) is the system rotation matrix, p ∈ R3 is the
system position, v ∈ R3 is the system linear velocity, and b ∈
R3 is the IMU bias.

The VO factor leverages the ALIKE model [18] to extract
sub-pixel accurate keypoints that ensure robust tracking perfor-
mance. Our system implements an adaptive confidence thresh-
olding mechanism that dynamically adjusts feature selection
criteria based on environmental conditions. Initially prioritizing
high-confidence features (threshold: 0.8) for maximum reliabil-
ity, the algorithm automatically reduces this threshold in tex-
tureless environments until sufficient features are secured. This
balanced approach maintains tracking stability while ensuring
adequate feature correspondence for effective Gaussian map
initialization. Concurrently, the LO factor utilizes scan-to-map
matching following [19]. Meanwhile, the IMU preintegration
is augmented using [1], which enhances the robustness of the
system in challenging environments. Upon incorporating the
IMU preintegration factor, the IMU component is employed to
refine the LO and VO.

These three factors are jointly optimized in the factor graph,
with robust failure detection mechanisms that allow seamless
switching between sensor modalities:

δρ =

⎧⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩

−(J�v Jv)
−1J�v fv(ρv), if LO fail

−(J�l Jl + β(J�l Jl))
−1J�l fl(ρl), else if VO fail

argmin
δρ

(‖ev(δρ)‖2 + ‖el(δρ)‖2) , otherwise.

(2)
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where Jv and Jl are the Jacobian matrices for visual and LiDAR
measurements respectively; ρv and ρl are the poses of visual
and LiDAR factor; fv(ρv) and fl(ρl) represent the residual
functions for visual and LiDAR factors; β is the Levenberg-
Marquardt damping factor; ev and el are the error terms defined
as ev(δρ) = δρ+ (J�v Jv)

−1J�v fv(ρv) and el(δρ) = (J�l Jl +
β(J�l Jl))

−1J�l fl(ρl) respectively.
The framework implements failure detection mechanisms for

both VO and LO to ensure system resilience in challenging en-
vironments. For VO, failures are detected when tracked feature
counts drop suddenly or when IMU bias experiences significant
spikes. Upon detection, VO is re-initialized while the system
temporarily relies on LiDAR updates. The learned feature ex-
traction approach reduces the frequency of these failures, im-
proving overall system stability. For LO, we employ the method
from [20] to detect LiDAR performance degradation, allowing
the system to rely on VO during these instances adaptively.
This failure handling strategy ensures continuous operation even
when individual sensor modalities temporarily fail.

B. Gaussian Map Representation

The scene’s underlying geometry is represented by 3D Gaus-
sians, denoted as Gi :

Gi(ζ) = exp

(
−1

2
(ζ − μi)

�Σ−1i (ζ − μi)

)
(3)

where ζ is the variable of the Gaussian function. Each Gaussian
Gi is parameterized by a set of parameters{μi,Σi,oi, ci,SH},
where μi ∈ R3 is the mean vector; Σi ∈ R3×3 is the covariance
matrix; oi ∈ R is the opacity scalar; ci ∈ R3 is the RGB color
vector, SH is the spherical harmonics coefficient. Applying the
principal component analysis, the 3× 3 covariance matrix can
be decomposed into RGS(RGS)

�, where RG ∈ SO(3) is a
rotation matrix of a Gaussian, S is a diagonal scaling matrix.

C. Gaussian Primitives Initialization

1) Gaussian Primitives Initialization Via LiDAR-Visual Fu-
sion: Accurate initialization of Gaussian primitives’ spatial μ
and chromatic c attributes is essential for efficient 3DGS con-
vergence speed [6]. To achieve this precision, a robust method-
ology that strategically leverages the complementary charac-
teristics of multi-modal sensor data is introduced. Fisrt, the
accumulated LiDAR point cloud {(Yj , c

l
j)}Mj=1 is transformed

to the camera coordinate frame via calibrated extrinsics TCL,
yieldingΛ← {(TCLYj , c

l
j)}Mj=1. These points are subsequently

discretized into an angular range image to mitigate occlusions
by preserving the nearest point within each angular bin. By
projecting RGB values from camera images onto these points,
we create a geometrically accurate point cloud enriched with
chromatic information. Then, we achieve efficient initialization
by fusing LiDAR-derived geometry with visual features through
a depth-invariant spherical representation. The spherical pro-
jection maps both LiDAR points and visual feature rays onto
a unit sphere centered at the camera’s optical center, creating
Λsphere ← {( p

‖p‖ , c
l)|(p, cl) ∈ Λ} and ysphere ← ȳ

‖ȳ‖ respec-
tively. This projection converts 3D Cartesian coordinates to unit

Algorithm 1: Multi-Modal Hyper Primitives Initial Aggre-
gation

Require: 2D visual features F = {(yi, cvi )}Ni=1, LiDAR
points with colors {(Yj , c

l
j)}Mj=1 stacked from multiple

frames, Camera intrinsics K, Lidar-Camera Calibration
TCL

Ensure: Combined colored point cloud Pfuse

Pfuse ← ∅
Λ← {(TCLYj , c

l
j)}Mj=1 � Transform LiDAR points to

camera frame
Λsphere ← {( p

‖p‖ , c
l)|(p, cl) ∈ Λ} � Project to unit

sphere
Γ← BuildKDTree(Λsphere)
Pfuse ← Pfuse ∪ {(p, cl, Sl(p)), ∀(p, cl) ∈ Λsphere} �
Add LiDAR points with scales

for each feature (y, cv) ∈ F do
ȳ ← K−1[y�, 1]� � Unprojection
ysphere ← ȳ

‖ȳ‖ � Project to unit sphere
(p1, p2, p3)← Γ.kNearestNeighbors(ysphere, k = 3)
(z1, z2, z3)← (‖C(p1)‖, ‖C(p2)‖, ‖C(p3)‖) � C maps

to Cartesian space
n← (p1z1 − p2z2)× (p2z2 − p3z3) � Plane normal
s← n·p1z1

n·ysphere
� Intersection parameter

if |max(z1, z2, z3)−min(z1, z2, z3)| ≤ d0 and s > s0
then

Sv ← computeLocalScale((p1, p2, p3), (z1, z2, z3))
Pfuse ← Pfuse ∪ {(ysphere · s, cv, Sv)} � Add

point with color and scale
return Pfuse

vectors by dividing by their Euclidean norm. This mathematical
operation preserves directional information while discarding
distance, creating a common representation where points in the
same direction map to the same location regardless of depth. A
KD-tree spatial index enables rapid identification of the three
closest LiDAR neighbors for each visual feature on the sphere.
To ensure only reliable geometry is incorporated, depth esti-
mates undergo further validation: results are discarded if local
depth variation exceeds a set threshold or if the intersection
parameter is unstable.

2) Gaussian Primitives Correction: Hyper primitives need
to be accurately initialized for effective scene representation.
However, high-speed motion and rough terrain can significantly
impact their performance in estimating 3D structures. These con-
ditions can cause motion blur and inconsistent feature tracking,
making initialization unstable in challenging environments. To
enhance the stability of these primitives, this letter introduces
a correction method using an optimization algorithm that min-
imizes residual errors in 3D feature mismatches presented in
Fig. 2. The approach relies on a well-estimated system pose to
align the mean of hyper primitives, ensuring accurate projection
in the 2D-rendered image. Initially, constraints are established
between the newly updated mean of hyper primitives μt and its
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Fig. 2. Demonstration of system and VIO map points alignment.

corresponding global geometric map M :

rF =
∑∥∥M − (

Rtμc,t + pt

)∥∥2 (4)

where Rt and pt are the rotation and position of the system at
timestamp t, which is defined at equation (1).

Conversely, the inertial data from the IMU provides prior
information on the trajectory, including rotational velocity and
translational acceleration. The constraints for the IMU measure-
ments are expressed as follows:

rα =
∑∥∥∥∥ât −RT

c,t

(
d2

dt2
pc,t

)∥∥∥∥
2

(5)

rω =
∑
‖ω̂t − ω̂c,t‖2 (6)

where ât and ω̂t are acceleration and angular velocity from IMU
preintegration, respectively;RT

c,t andpc,t are the rotation matrix
and translation matrix of VO at timestamp t, respectively; and
ω̂c,t is the rotational velocity interpolated from the output pose
of the VO. Ultimately, the set of corrected hyper primitives is
defined as:

ℵ̂ = argmin
ℵ

(rF + rα + rω) (7)

By solving the optimization equation above we can obtain the
robustly aligned hyper primitives with a more precise mean.

3) Hyper Primitives Formation: In this step, the entire hyper
primitive is assembled from four elements, as shown in Sec-
tion III-B. The mean μ and color c are determined according
to Sections III-C1 and III-C2. For the scale computation S, we
employ a strategy as described in Algorithm 1. Particularly, for
LiDAR points, the scale matrix Sl is calculated from the local
spatial distribution of neighboring points. For visual features, the
scaleSv is derived using LiDAR depth priors from points sharing
similar viewing directions rather than physical proximity. By
transferring scale information along similar view rays, we main-
tain geometric consistency while enabling effective initialization
even in LiDAR-sparse regions. This method eliminates the need
for additional KD-tree construction for visual features, instead
efficiently utilizing the existing LiDAR spatial index for efficient
computation. Meanwhile, the rotation component of Gaussians

is initialized as an identity matrix, and opacity parameters are
set via inverse sigmoid initialization at 0.3.

D. Keyframing

Optimizing every frame is computationally prohibitive, ne-
cessitating strategic keyframe selection to balance information
gain and efficiency. In this work, we adopt a keyframe-based
approach [21] for both visual odometry and 3DGS mapping.
Keyframe selection relies on three complementary criteria: (1)
when mean feature displacement between the current and latest
keyframe exceeds threshold θd, providing sufficient parallax for
geometric estimation; (2) when tracked feature count diminishes
below threshold θn; and (3) when a substantial proportion of
features demonstrate high confidence scores above θq , indicating
good feature quality. The satisfaction of any single criterion from
this triad is sufficient to trigger keyframe designation.

E. Map Optimization

Following the keyframing process, each received new
keyframe contains information about the unobserved scene.
We implement a sliding window approach for learning local
viewpoints to avoid local minima and maintain high mapping
quality in real-time operations. This strategy involves the im-
mediate optimization of newly received keyframes, along with
the random selection of local neighboring frames. To address
the global map forgetting problem, a randomly selected distant
historical keyframe is concatenated for one-time windowing.

The mapping process focuses on refining the Gaussian fea-
tures visible within the currently visible set of keyframes. Firstly,
the opacity mask is rasterized, similar to [16] to identify regions
requiring additional optimization from the current viewpoint:

O(u, v)=
N∑
i=1

αi

i−1∏
j=0

(1− αj),D(u, v)=
N∑
i=1

diαi

i−1∏
j=0

(1− αj)

(8)

where N is the total number of Gaussians affecting the pixel, αi

is the alpha value of the i-th Gaussian at (u, v), di is the depth
of the i-th Gaussian. The 3D Gaussians visible in this frame
are then optimized according to a comprehensive loss function
combining photometric consistency, structural geometry, and
geometric constraintsLrgb + λdLgeo + λδLdelta, where the RGB
loss component combines L1 and SSIM losses:

Lrgb = (1− λs)‖Ir − Igt‖1 + λs(1− SSIM(Ir, Igt)) (9)

For geometry supervision, we compute normalized depth loss
when ground truth is available:

Lgeo =
1

|M|
∑

(u,v)∈M
|D(u, v)−Dgt(u, v)| (10)

where M represents the valid depth mask. Additionally, we
enforce temporal consistency through delta depth loss between
consecutive frames:

Ldelta = ‖μt+1 −Dt+1(π(μt+1))‖2 (11)
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where μt+1 = Tt+1,tπ
−1(u, v,Dt) denotes the transformed 3D

point from frame t to t+ 1, and π(μt+1) projects this 3D point
onto the 2D image coordinates (u, v) using the camera intrin-
sics. This loss function jointly optimizes for visual appearance,
geometric accuracy, and temporal coherence.

F. Gaussian Density Control

In this part, we implement adaptive densification to optimize
primitive density across spatial segments. Our densification
algorithm enhances scene fidelity using a temporal modulation
factor ε(ι) = 1 + exp(−κ(ι− ι0)), where ι0 initiates adaptive
control and κ represents the decay rate. This factor calibrates
both the uv gradient threshold Θuv(ι) = Φ(||∇uv||, 1− (1−
βuv) · ε(ι)) and scale threshold ΘΞ(ι) = Φ(Ψmax, 1− (1−
βΨ) · ε(ι)), with Φ(·, ·) as the quantile function and βuv , βΨ

as baseline percentiles. Gaussians are cloned when ||∇uv|| >
Θuv(ι) and split when Ψmax > ΘΨ(ι). This dynamic thresh-
olding transitions from aggressive early refinement to conserva-
tive adjustments later in optimization. We periodically remove
Gaussians with negligible opacity or excessive spatial extent to
maintain computational efficiency.

IV. EXPERIMENTAL RESULTS

A. Evaluation Setup

1) Hardware and Parameter Settings: All experiments are
conducted on a computer equipped with an Intel Core i9-
10980XE CPU and an NVIDIA RTX 3090 GPU. The imple-
mentation combines CUDA, C/C++, and Python within a unified
framework running on the Robot Operating System. For the
SLAM optimization process, we leverage the GTSAM library
to solve the pose graph optimization problem. Our sensor setup
consists of a 16-channel Velodyne 3D LiDAR, a ZED 2 stereo
camera, and a MicroStrain 3DM-GX5-25 IMU. We perform
calibrations using open-source tools: LiDAR-IMU calibration
with [22] and camera-IMU calibration with [23]. Through this
LiDAR-IMU-camera calibration chain, we establish the ex-
trinsic transformation matrix between the LiDAR and camera
sensor. For parameter settings, we set θd, θn, and θq to 12, 30,
and 0.8, respectively, while the keyframing windowing size for
map expansion is set to 5. The map optimization loss weights λd

and λθ are both set to 0.1. With a base learning rate of 0.01, the
learning rates for Gaussian attributes μi, Σi, oi, and ci are mul-
tiplied by factors of 0.1, 0.25, 0.3, 2, and 0.5, respectively. For
Gaussian density control every, we establish baseline percentiles
of βuv = 0.96 and βΨ = 0.99.

2) Experimental Datasets: The performance of the proposed
framework is evaluated across diverse outdoor environments us-
ing both established public datasets and our own collected data.
For an effective comparison with state-of-the-art methods, we
follow the benchmarking approach referenced in [10] and [13].
Our evaluation includes sequences from the Botanic Garden
dataset (1018-00 and 1018-13) [24], the KITTI dataset [25], and
the MCD dataset (sequences tuhh-02 and tuhh-04) [26]. Addi-
tionally, we validate our method’s practical applicability using
data collected from our custom-designed sensor system in two

TABLE I
QUANTITATIVE RENDERING PERFORMANCE ON DIFFERENT DATASETS WITH

IMAGE RESOLUTION BEING (480 × 270) AND (480 × 300) FOR

SELF-COLLECTED AND BOTANIC GARDEN SEQUENCES, RESPECTIVELY

challenging outdoor settings: a university campus playground
and an unstructured agricultural crop field [1].

3) Baselines and Metrics: To rigorously evaluate our
method’s efficacy, we conducted comprehensive experiments
comparing its performance against both proprietary and leading
open-source approaches. For proprietary methods [10], [13], we
adhered to their established benchmarks to ensure fair compar-
ison. Our evaluation against open-source alternatives specifi-
cally targeted state-of-the-art real-time 3DGS SLAM systems
with outdoor environment capabilities, as most existing imple-
mentations focus primarily on indoor settings. The compara-
tive analysis included PhotoSLAM [6], GSICPSLAM [8], and
MonoGS [7]. Additionally, juxtaposing our odometry results
with the sensor fusion pipeline proposed in [2], [14], [15] is
further demonstrated.

We evaluate our Gaussian splatting map reconstruction with
the standard image quality metrics: Peak Signal to Noise Ratio
(PSNR), SSIM, and Learned Perceptual Image Patch Similarity
(LPIPS). Additionally, the accuracy of the tracking trajectory is
compared with the ground truth using the root mean square error
(RMSE), rotational error (RE), and translational error (TE).

B. Comparisons

1) Rendering Results: The evaluation spans several distinct
environmental scenarios, each presenting a different aspect for
demonstrating our systems’ performance. We compare against
existing real-time 3DGS SLAM methods using their public code,
with results shown in Fig. 3 and Table I. Although [7] produces
higher-quality rendered images through extensive optimization
iterations, it still exhibits map artifacts. Our method achieves su-
perior performance across all metrics due to robust sensor-fused
localization and optimized map construction strategies. Fig. 4
shows the constructed Gaussian map with optimized geometry
and primitives. Our 3DGS map maintains well-structured prop-
erties while providing denser, more informative primitives that
enhance the rendering process.

We further extended our comparative analysis to include state-
of-the-art sensor fusion approaches [10], [13]. As demonstrated
in Table II, our method achieves performance comparable to
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Fig. 3. Viewpoint demonstration of rendering performance throughout three sequences. The rows present rendered images across distinct sequences: Botanic
Garden 1018-00 and 1018-13, Playground, and Field.

Fig. 4. Visualization comparison between initial geometric point cloud (left)
and optimized 3D Gaussian map (right).

TABLE II
COMPARISON WITH AVAILABLE RESULTS FROM [10] ON GARDEN

1018-00 SEQUENCE

Gaussian-LIC despite operating on sparse spinning LiDAR data
rather than dense depth information. For a comprehensive eval-
uation, we also assessed the mapping efficiency of competing
methods benchmarked in [10] using Gaussian-LIC’s odometry
instead of their original estimated trajectories. While several
competing approaches produce similar qualitative results, they
typically require significantly longer optimization times, which
compromises true real-time performance. Even after eliminating
the constraints in odometry and expanding processing time in

Fig. 5. Rendered image (top-left), groundtruth image (bottom-left), and per-
formance comparison of methods on KITTI dataset (right) at 1242 × 375
resolution.

their pipelines, our baseline still achieves superior performance
in rendering quality. Our comparison with HGS-Mapping [13]
on the KITTI dataset, presented in Fig. 5, reveals methodological
distinctions. Despite HGS-Mapping’s claims of online capabil-
ity, its requirements—specifically 100 iterations per keyframe—
are inconsistent with true online processing and instead reflect
resources typically reserved for offline approaches. Addition-
ally, HGS-Mapping inherits pre-estimated poses from other
state-of-the-art methods and re-optimizes from these initial con-
ditions, which might reduce computational burden by reallocat-
ing resources from odometry to mapping modules. In contrast,
our approach maintains comparable visual fidelity while strictly
adhering to real-time constraints throughout the entire operation.

2) Tracking Results: Our framework’s localization perfor-
mance was benchmarked against three SOTA methods: LVI-
SAM [2], R3LIVE [14], and FASTLIVO2 [15]. Because the
R3LIVE source is not well-designed for sparse-spinning Li-
DAR, both FAST-LIVO2 and LVISAM are evaluated using
spinning LiDAR in the Playground sequence. The evaluation
spanned four distinct environmental scenarios, as illustrated in
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Fig. 6. Comparative odometry in four cases: Botanic Garden 1018-00, 1018-13, Playground, and Tuhh04 sequences in left to right order.

TABLE III
COMPARATIVE LOCALIZATION PERFORMANCE

TABLE IV
COMPARISON OF RUNTIME ON BOTANIC 1018-00 GARDEN SEQUENCE

Fig. 6. Quantitative results presented in Table III demonstrate
that our proposed pipeline achieves performance competitive
with FASTLIVO2 while outperforming both R3LIVE and LVI-
SAM across the tested sequences. In the playground sequence,
FASTLIVO2 performs well during the initial phase but begins
to drift noticeably after the first sharp turn.

C. Runtime Analysis

In this part, we recorded both component-wise execution time
and overall system completion time. The runtime comparison
presented in Table IV reveals that our approach achieves com-
parable execution speeds to SOTA methods like PhotoSLAM
and GSICPSLAM, while maintaining substantially faster per-
formance than MonoGS. Fig. 7 provides deeper insights into
the computational dynamics of our system through a tempo-
ral breakdown of seven key components: densification, back-
ward propagation, forward propagation, rasterization, number
of Gaussians, GPU storage, and overall iteration time. The
performance profile exhibits two distinct phases: an initial con-
vergence period followed by sustained steady-state operation.
During initialization, the system requires higher computational
resources to establish the foundational map structure through
predefined iterations. Despite this increased initial load, the

Fig. 7. Time analysis breakdown of computational components over iterations.

TABLE V
QUANTITATIVE ILLUSTRATION OF ABLATION STUDY ON BOTANIC 1018-00

SEQUENCE. THIS SHOWS THE IMPACT OF EACH MODULE

total processing time remains acceptable for online operation
at 120 ms. Once stabilized, execution times maintain con-
sistent performance across all Gaussian submap optimization
components.

D. Ablation Study

We conduct an ablation study to evaluate the effectiveness
of different components in our framework presented in Table V.
Initially, we assess the impact of various primitive source config-
urations. The analysis of hyper primitives initialization reveals
how LiDAR points GL and learned features Gvis achieve com-
prehensive scene coverage through their complementary proper-
ties. Fusing these modalities enables our framework to maintain
dense and complete scene representation, as demonstrated in
Fig. 8. These effects are also illustrated on the ’Primitive Source’
of Table V. This integrated approach ensures robust system
performance across diverse environments, even under sensor
degradation cases. Second, evaluation of scale initialization
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Fig. 8. Visualization comparison of multi-modal feature representation. Four
views demonstrate a 3DGS map from: LiDAR source (top-left), learned visual
features (top-right), fused cooperative representation (bottom-left), and ground
truth reference (bottom-right).

reveals the effects of using the initialization methods from [11],
which yield lower rendering quality compared to our strategy
(19.24 in the 1018-00 sequence) as shown in Table I. This
proves that the initialization time and structural information
are highly important in the optimization process. Evaluation of
post-densification against the original 3DGS method [5] yields a
marginal trade-off between reconstruction quality and computa-
tional cost. Finally, experiments without geometry supervision
validate the importance of maintaining geometric constraints for
robust mapping performance.

V. CONCLUSION

We present FusionGS-SLAM, a multi-sensor SLAM system
that effectively addresses the dual challenges of robust local-
ization and real-time high-fidelity mapping. Our framework
incorporates sensor fusion methodologies specifically designed
to construct well-structured, high-quality maps across diverse
environments. Extensive experimental validation demonstrates
competitive performance compared to SOTA approaches. While
the system performs well in most scenarios, challenging con-
ditions with rugged surfaces or sharp turns require additional
keyframes, reducing optimization iterations on keyframes. Fu-
ture work should explore parallel and batch computing to allow
more optimization iterations.
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