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3D Gaussian Splatting

⚫ Leveraging 3D point clouds to record 3D structure and textures 
at the same time.

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

Fast training and rendering speed but more dependent on geometry

Point = < 3D Position, Rotation, 3D scale, SH Coefs> 



3D Gaussian Splatting

⚫ It is mainly designed for light field rendering. Each point can be 
viewed as a point sample of  a radiance field.

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



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 
points

✓ Improve the  surface alignments
✓ Mitigate shape-radiance ambiguity



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. 

Therefore, we design depth-normal 
consistency loss:

Normal Rendered
using local Z axis.

Normal computed from 
the rendered depth map



Gaussian Surfels

⚫ Poisson surface Meshing：volumetric cutting to avoid erroneous 
depth values



Optimization with Random Initialization

Optimization  Process

⚫ Trained for ~6mins from random initialization on DTU dataset



More Results



Sample and Reconstruction – Local Gaussian Fields

Density distribution along a ray

Feature
Gaussian mixture 

parameters

Shallow MLP

𝛼(𝑡) = ෍

𝑖

𝑤𝑖 ⋅ ℊ(𝑡; 𝜇𝑖 , 𝜎𝑖)

{𝑤𝑖 , 𝜇𝑖 , 𝜎𝑖}

Density

𝑡

⚫ Build Gaussian fields at each ray for unstructured light field rendering 



Sample and Reconstruction – Local Gaussian Fields

Target

STEP1 Sample points along a 
ray casted from a pixel

Given a target view point, 
how to render?

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

STEP3 Multi-view fusion
(neural weight)



Sample and Reconstruction – Local Gaussian Fields



Sample and Reconstruction – Local Gaussian Fields



GAUSSIAN SURFEL SPLATTING FOR LIVE HUMAN PERFORMANCE    

CAPTURE Zheng Dong,  Ke Xu,  Yaoan Gao,  Hujun Bao,  Weiwei Xu,  Rynson W.H. Lau



Pipeline

• Predict Surface Points ( 3D Human Geometric Constraints )

• Use 2D Gaussian Surfels ( Encode Human Radiance Field with Color / Geometric Supervisions )

Initial Points Surface Points

Dai et al. [SIGGRAPH24]

Certain Depth

Rasterization Results



Comparisons

• Geometric Comparisons (Surface Points / Mesh Vertex) • Novel-view Rendering Comparisons (4-RGBD Inputs)

Rendered Dataset ( THuman 2.0 [CVPR21] )

Real-world Dataset ( SAILOR [SA23] )



Comparisons

Rendering and Geometric Comparisons (4-RGBD Streams)



More Results



Distributed 3D Scene Reconstruction

Import Posed Images

Scene Partition

Distributed Reconstruction

Merging Reconstruction Results

⚫ Reconstructing 1 KM2  3D Scene within 30 minutes for UAV Data



Future Work

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

• Disentangle reconstructions + HD rendering results.

• From reconstruction to AIGC.
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