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Abstract

3D Gaussian splatting (3DGS) has recently demonstrated sig-
nificant potential in computer vision, enabling high-fidelity
3D scene reconstruction with real-time rendering and fast
training times. However, existing methods struggle in large,
visually sparse, geometric self-similarity environments due to
heavy reliance on image-based feature matching and depth
information. In this work, we propose a novel reconstruction
pipeline that reduces the dependence on visual features by in-
corporating IMU and LiDAR data to generate accurate point
clouds and robustly localize images within the scene. Global
colorization is achieved through 3D-to-2D projections of the
localized images, which are then used to supervise 3DGS
training. Our results demonstrate that the proposed pipeline
significantly enhances the quality of 3D reconstruction for
large, sparse scenarios, opening up new opportunities for ap-
plications in remote mapping and autonomous inspection.

Introduction
In neural rendering, 3D Gaussian Splatting (3DGS) (Kerbl
et al. 2023) has emerged as a state-of-the-art technique,
offering significant improvements over previous methods.
However, 3DGS pipelines rely on Structure-from-Motion
(SfM) to estimate image poses and generate initial sparse
point clouds. Thus, SfM-based methods often fail in feature-
sparse environments due to the absence of reliable feature
correspondences or the presence of large texture-less areas
(Pataki et al. 2025), which leads to floating Gaussians. While
recent research has proposed enhancements to reduce float-
ing Gaussians and hallucinated geometry (Cheng et al. 2024;
Matsuki et al. 2024), the root issue – visual dependency for
pose and geometry estimation – remains unresolved.

In this work, we address limitations in image feature de-
pendency by introducing a novel 3DGS pipeline that elimi-
nates the dependency on visual features for both localization
and structure estimation. We evaluate our method in simu-
lated and real-world scenarios. Our approach outperforms
SfM-based methods in sparse environments by producing
more coherent reconstructions with fewer floating Gaussians
and less environmental clutter. Although our approach ex-
hibits minor pose estimation errors, the overall visual and
structural consistency remains competitive.
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Proposed Method
This work proposes a three-step pipeline, illustrated in Fig-
ure 1, to achieve SfM-free sparse environment reconstruc-
tion. The first step takes RGB images, LiDAR scans and
IMU data to generate a point cloud of the scene and estimate
camera poses within the scene. Unlike previous work us-
ing an image-based SfM approach, we utilize a direct point
cloud-based method called FAST-LIO2 (Xu et al. 2022) to
estimate poses during run-time. The second step uses 3D-to-
2D projection to determine relations between the geometric
information of the point cloud and the color information of
the images at each estimated pose. We filter, downsample
and perform hidden points removal. Then, the colors of the
points are registered. The third step globally colors the point
cloud using the registered color information. We merge all
colors attributed to each point and apply the median color
to eliminate outliers. To significantly reduce floating Gaus-
sians in free-space regions, we provide 3DGS with an initial
depth estimate for regions with no depth information, such
as backgrounds. A spherical region is used to separate ob-
jects and background during reconstruction.
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Figure 1: The proposed pipeline.
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Method Dense Environment Small Sparse Environment Large Sparse Environment Real World Environment
PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓

COLMAP 32.53 0.940 0.163 38.88 0.989 0.022 36.66 0.978 0.065 27.20 0.906 0.152
Ours 28.95 0.906 0.170 30.9 0.938 0.067 35.28 0.983 0.037 21.67 0.677 0.309

Table 1: Evaluation of the reconstruction of different environments using peak signal-to-noise ratio (PSNR), structural similarity
index measure (SSIM), and learned perceptual image patch similarity (LPIPS) metrics.

Experimental Results
The proposed method is tested in four different environ-
ments: three simulation-based and one real-world. The pro-
posed method is compared with COLMAP’s SfM and eval-
uated to determine under which conditions our method may
be most efficient. We evaluate the results using two metrics:
quantitative visual fidelity (in Table 1) and qualitative envi-
ronment coherence (in Figure 2).

Simulation results. In the dense environment, perfor-
mance is comparable between the two methods. COLMAP
achieves slightly sharper images and better metrics; how-
ever, our method is still competitive in this environment.
In the small sparse environment, COLMAP achieves good
metrics but poor coherence. The textures on the object allow
good initialization, but the extensive free space surrounding
it spawns floating Gaussians that severely degrade perfor-
mance. In contrast, FAST-LIO struggles with accurate pose
estimation due to the object’s small size, so our method pro-

Figure 2: Left: COLMAP-3DGS, right: our method. En-
vironments from top to bottom: dense, small sparse, large
sparse, real-world.

duces a blurred reconstruction, but with significantly fewer
floating Gaussians. In a large sparse environment, COLMAP
struggles to create a good initialization with coherent geom-
etry due to sparsity and homogeneity of visual features, and
the presence of extensive free space leads to a high num-
ber of floating Gaussians. The reconstruction is not coherent,
and the geometry of the wind turbine is poor. However, the
evaluation metrics are high, as overfitting and floating Gaus-
sians are not penalized. Our method shows better SSIM and
LPIPS, and significantly better environment coherence.

Real world results. The real-world data is captured us-
ing a drone flying around a wind turbine in a semicircular
path facing the wind turbine. The motion is relatively fast,
the drone is relatively far from the wind turbine, and the
resolution of the camera is relatively low, making the sce-
nario quite challenging. Our method is tested alongside the
SfM-based method in this real-world sparse environment.
COLMAP is able to provide good initialization and does
not have any major pose estimation issues since there are
many visual features on the ground. Since COLMAP can re-
construct the ground well, its overall metrics are high. Our
method projects the ground and the sky onto a sphere around
the environment, which degrades the reconstruction of the
ground, but reduces floating Gaussians around the wind tur-
bine. Besides, our method generates a coherent geometry of
the wind turbine, whereas COLMAP cannot align the two
sides of the top blade, resulting in one side being occluded.
This again shows that overfitting can cause issues in poorly
initialized SfM-based environments.

Conclusions
By decoupling image localization and scene structure from
dependence on visual features, our method unlocks the po-
tential of 3DGS in visually degraded or feature-poor envi-
ronments. Our experimental results demonstrate that 3DGS
can be effectively applied to reconstruct sparse environ-
ments where traditional SfM-based methods typically fail.
Although the proposed method does not outperform exist-
ing approaches in standard reconstruction metrics, primarily
due to the absence of a global pose optimization framework,
it achieves more coherent reconstructed environments and
significantly reduces floating artefacts. In future work, we
will incorporate global pose optimization into our pipeline
to further enhance performance.
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