"¥7)China3DV-2025

3D Gaussian Spaltting: Case Studies



| 3D Gaussian Splatting

® |everaging 3D point clouds to record 3D structure and textures
at the same time.
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Fast training and rendering speed but more dependent on geometry

3D Gaussian Splatting for Real-Time Radiance Field Rendering, SIGGRAPH 2023



] 3D Gaussian Splatting

® |t is mainly designed for light field rendering. Each point can be
viewed as a point sample of a radiance field.
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3D Gaussian Splatting for Real-Time Radiance Field Rendering, SIGGRAPH 2023



§ Gaussian Surfels

® Treat the 3DGS as point sampls of an object surface to combine the
advantages of 3DGS and the surface alignment property of surfels.
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§ Gaussian Surfels

® Modified point representation: set the z scale to be zero which
enforce the local z axis to be the normal, which flattening the 3D
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§ Gaussian Surfels

® Solve the derivative issues: the derivative of the photometric loss to
the z axis of the rotation matrix will be 0 for Gaussian surfels.
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§ Gaussian Surfels

® Poisson surface Meshing: volumetric cutting to avoid erroneous
depth values
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Fig. 5. An example of error in the rendered depth. The complex distribution
of Gaussian surfels after optimization makes it difficult to remove outlier
Gaussian points along each ray by discarding points far from median or
alpha-weighted mean.
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(pixel-level median) (volumetric cutting)



§ Optimization with Random Initialization

® Trained for ~6mins from random initialization on DTU dataset
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§ More Results




| Sample and Reconstruction — Local Gaussian Fields

® Build Gaussian fields at each ray for unstructured light field rendering
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| Sample and Reconstruction — Local Gaussian Fields
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[C) Target

Given a target view point,
how to render?

STEP1 Sample points along a
ray casted from a pixel

STEP2 Backward projection to
obtain (Color, density, visibility)

STEP3 Multi-view fusion
(neural weight)



| Sample and Reconstruction — Local Gaussian Fields
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Local Gaussian Fields
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Our Results from Novel Views (Unseen Performers) A Live Rendering
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1) Depth-guided Initial Points 2) Regressed Surface Points 3) Depth (Splatting) and Rendering Results
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| Pipeline

* Predict Surface Points ( 3D Human Geometric Constraints )
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§ Comparisons

* Geometric Comparisons (Surface Points / Mesh Vertex) * Novel-view Rendering Comparisons (4-RGBD Inputs)
Index Methods (THuman20 Dataset [Yu et al. 2021b)) Rendered Dataset ( THuman 2.0 [CVPR21])
GPS-Gaussian (N=6) LGM GTPIFu (N=4) SAILOR | Ours
Chamfer x107% | 0.982 3.996 0.922 0.975 0.801
P28 x1072 | 0.920 3.942 0.817 0.807 ‘ 0.715
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§ Comparisons

Rendering and Geometric Comparisons (4-RGBD Streams)
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| Distributed 3D Scene Reconstruction

® Reconstructing 1 KM2 3D Scene within 30 minutes for UAV Data
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§ Future Work

* Disentangle reconstructions + HD rendering results.

* From reconstruction to AIGC.

Triplane Feature NeRF
Scene Description MLP lﬁl_|7
“Aerial drone chot of a mountain range in the |7 %
style of cinematic video, dynamic movement”
\ Input 3D Representation

Update Render

Arbitrary 6DOF Trajectory

3D-SceneDreamer: Text-Driven 3D-Consistent Scene Generation, CVPR 2024
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