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Abstract. We present MlagnetGS-Mesh, an integrated framework that
directly recovers high-quality, object-wise surface meshes from 3D Gaus-
sian Splatting (3DGS) while preserving photorealistic novel-view syn-
thesis. Prior 3DGS-to-mesh methods generate meshes by considering all
Gaussians without distinguishing objects from the background, which
inevitably yields excessive and unnecessary vertices in irrelevant regions.
To address this efficiency bottleneck, we adopt an object-wise reconstruc-
tion approach. However, decomposing 3DGS representations into indi-
vidual objects introduces distinct geometric challenges: numerous out-
lier Gaussians appear far from true surfaces, and the remaining surface
Gaussians often exhibit highly non-uniform density. Since robust mesh
extraction fundamentally requires a uniform distribution of Gaussians
to prevent surface holes and artifacts, these irregularities severely de-
grade geometric fidelity. To resolve these issues, we propose a geometry-
aligned two-stage training procedure. In Stage 1, we employ Enhanced
Occupancy Learning to produce crisp boundaries, ensuring accurate 3D
segmentation. In Stage 2, to address the uneven distribution, we in-
troduce the Adaptive Local Normal Consistency (ALNC) Loss.
This mechanism acts as a “magnet,” strategically relocating outlier Gaus-
sians to sparse surface regions to ensure uniform coverage. By adap-
tively aligning these relocated Gaussians with local surface normals,
ALNC effectively fills geometric gaps while maintaining structural co-
herence. Experimentally, MagnetGS-Mesh achieves competitive or supe-
rior mesh quality compared to state-of-the-art methods while simultane-
ously reducing model size by substantial margins. The code is available
at https://github.com/MinsuPark0752/MagnetGS-Mesh.
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mentation - Surface Optimization - Normal Consistency
1 Introduction

3DGS [20] has revolutionized real-time novel view synthesis by representing
scenes as collections of millions of optimized 3D Gaussians. Building upon this
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Fig.1: MagnetGS-Mesh delivers high-quality meshes with low storage footprint
through Stage 1 (Enhanced Occupancy Learning) and Stage 2 (ALNC-Guided Op-
timization). After 3D segmentation, outlier Gaussians appear far from true surfaces.
ALNC Loss relocates these outliers to sparse surface regions by computing the average
of local surface normals from neighboring surface points (adaptively selected based on
local density: small k for dense regions, large k for sparse regions) and aligning the
outlier-to-surface movement direction with this averaged normal, ensuring natural sur-
face attachment and balanced coverage for high-quality mesh extraction.

foundation, recent advances have introduced complementary capabilities: MILo [14]
incorporates auxiliary occupancy fields to bridge explicit point-based represen-
tations and implicit surface geometry for better geometric reconstruction, while
3D segmentation methods enable real-time object-level scene decompo-
sition.

Despite these advances, existing 3DGS-to-mesh methods pro-
cess all Gaussians without distinguishing objects from background, yielding
bloated meshes unsuitable for per-object editing or animation. Our object-wise
approach segments scenes before mesh extraction, but this introduces geometric
challenges unique to per-object decomposition that existing methods cannot han-
dle: outlier Gaussians scattered far from true surfaces, and severe non-uniformity
in the remaining surface Gaussians—irregularities that fundamentally prevent
high-quality mesh extraction.

Our approach. We present MagnetGS-Mesh, whose name reflects its core
mechanism: like a magnet attracting scattered particles into a coherent structure,
our method magnetically draws outlier Gaussians toward sparse surface regions.
The key technical contribution is the Adaptive Local Normal Consistency
(ALNC) Loss, which uniquely resolves the non-uniform Gaussian distribution
by relocating outlier Gaussians into sparse surface areas while respecting lo-
cal surface geometry through density-adaptive normal alignment. Unlike prior
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normal consistency approaches [28,29] that apply a fixed neighborhood size uni-
formly, ALNC adapts its neighborhood based on local density: small neighbor-
hoods preserve sharp details in dense regions, while large neighborhoods provide
noise-robust guidance in sparse regions. To ensure ALNC operates on a clean,
well-separated surface representation, Stage 1 first applies Enhanced Occu-
pancy Learning—five synergistic regularization losses that sharpen occupancy
boundaries from the ambiguous 0:3-0:7 range into crisp binary values, enabling
reliable surface-outlier separation as a prerequisite for ALNC. Figure[2]illustrates
the complete pipeline.

Our framework achieves competitive or superior mesh quality compared to
state-of-the-art methods while simultaneously reducing model size by up to 27%,
with significant improvements in mesh completeness and detail preservation for
complex geometries with curved surfaces and sharp features.

The contributions of our paper are as follows:

— Adaptive Local Normal Consistency (ALNC) Loss: Our core con-
tribution—a novel density-adaptive surface optimization that relocates out-
lier Gaussians to sparse surface regions, resolving the non-uniform Gaus-
sian distribution caused by object-wise segmentation and enabling topology-
complete, artifact-free mesh extraction.

— Enhanced Occupancy Learning: Five synergistic regularization losses
that sharpen occupancy boundaries into crisp binary values, providing the
clean surface-outlier separation required for effective ALNC optimization.

— MagnetGS-Mesh Pipeline: An end-to-end framework for object-centric
scene decomposition and high-quality per-object mesh extraction, delivering
superior geometric fidelity at substantially lower storage costs.

2 Related Work

Novel View Synthesis Novel view synthesis aims to generate photorealistic
images from arbitrary viewpoints given a set of input views. Neural Radiance
Fields (NeRF [31]) pioneered this domain by representing scenes as continuous
5D functions optimized via volumetric rendering, achieving impressive photoreal-
istic quality. However, NeRF [31] suffers from slow rendering speeds due to dense
ray marching through implicit neural representations. Subsequent works have
improved efficiency through spatial data structures [32,/49], factorized represen-
tations [5,9], and explicit voxel grids [10,41], yet these implicit methods remain
computationally expensive for real-time applications. To address this limitation,
3D Gaussian Splatting [20] (3DGS |20]) introduced explicit point-based repre-
sentations, modeling scenes as collections of anisotropic 3D Gaussians rendered
via differentiable splatting, achieving real-time rendering at over 100 FPS while
maintaining photorealistic quality.

Mesh Extraction from 3DGS Converting 3DGS [20] representations to ex-
plicit surface meshes remains challenging due to their point-based nature. SuGaR 15|
binds Gaussians to mesh surfaces via Poisson reconstruction [19] but requires
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careful regularization to prevent degeneracies. 2DGS [18| constrains Gaussians
to 2D oriented disks for direct mesh extraction but sacrifices representational
flexibility. GOF [50] leverages Gaussian opacity fields to identify surfaces yet pro-
duces noisy meshes with inconsistent vertex distributions. MILo [14] introduces
auxiliary occupancy fields trained jointly with Gaussians in a mesh-in-the-loop
framework, achieving improved geometric fidelity. However, all these methods
train entire scenes holistically, computing meshes from all Gaussians without dis-
tinguishing objects from background. This scene-level approach yields excessive
vertices in irrelevant regions and produces outlier Gaussians far from true sur-
faces, degrading per-object mesh quality. Our approach builds upon MILo [14]’s
occupancy learning framework and introduces the Adaptive Local Normal
Consistency (ALNC) Loss to resolve the non-uniform Gaussian distribution
unique to object-wise segmentation, enabling topology-complete mesh extraction
with reduced storage requirements.

3D Segmentation in Radiance Fields Decomposing 3D scenes into mean-
ingful objects has been explored extensively in both NeRF [31] and 3DGS |20]
contexts. Early NeRF [31]-based methods [11,/24,/53] require per-view seman-
tic labels or multi-view masks, limiting scalability. Recent works like SA3D [4]
and SAM3D [47] leverage foundation models (SAM [22]|) for interactive 3D
segmentation |17,|43] but operate on implicit representations. For 3DGS [20],
LangSplat [36] and LEGaussians [39] embed language features into Gaussians
for open-vocabulary queries, while Gaussian Grouping [48| clusters Gaussians
via identity encoding. SAGA |[3]| attaches scale-gated affinity features to each
Gaussian, enabling efficient multi-granularity segmentation with minimal over-
head. However, these segmentation methods focus on accurately partitioning
scenes rather than addressing the downstream geometric artifacts (outliers, un-
even density) that emerge when extracting per-object meshes.

Surface Regularization and Normal Consistency Enforcing geometric pri-
ors during optimization has proven effective for surface reconstruction. Normal
consistency losses have been widely used in multi-view stereo |25,/27] and neural
implicit surfaces [8l/34,45] to encourage smoothness and coherence. In 3DGS |20],
GeoGaussian [28] incorporates depth and normal cues from monocular estima-
tors, while GOF [50] introduces opacity-based regularization for better surface
alignment [7]. Our ALNC Loss differs fundamentally by adapting to local surface
density: rather than applying uniform constraints, we dynamically adjust neigh-
borhood sizes to handle both dense and sparse regions, guiding outlier Gaussians
to naturally consolidate onto surfaces while preserving geometric coherence. This
density-adaptive mechanism is crucial for object-wise scenarios where segmen-
tation [3] introduces highly variable surface coverage.

3 Preliminary

3D Gaussian Splatting A 3DGS [20] scene is represented as a collection of

N Gaussians fG;gYY,, where each Gaussian is parameterized by position , 2
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