RENDERING AND GEOMETRY FROM
3D GAUSSIAN SPLATTING

SYMPOSIUM ON GEOMETRY PROCESSING



COURSE OVERVIEW

 Duration: 90 minutes

* Introduction to 3DGS (Bernhard Kerbl)

 Artifacts (Thomas Kohler)

 Geometry Extraction Overview (Felix Windisch)



* 3D Gaussian Splatting is
novel-view synthesis

Menu  Views Capture oyl Sauszians > Camera Point view

* Predict custom views
from images and poses

Die Aufnahme wurde
begonnen

* Our Goals
* Real-time rendering
* High quality
* Fast and easy to obtain
e Reasonably compact

¥ Metrics

78.72 (12.70 ms)
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THE PART WE DIDN‘T MENTION YET:
DENSIFICATION

_ra—'-‘“”éf*

—

* Increase Gaussians if necessary

* High positional gradients mark
demanding regions

e
'''''
“\3_‘ S
'''''

* Intuition: XYZ gradient acts as | —
a 3D discontinuity detector S

* Densify regions incrementally



POSITIONAL GRADIENT

e Caused by Discontinuities - 6
* Between current rendering and target image

e Within the actual target image =

* Weaknesses
» Densification occurs primarily in areas that are already dense
* Final model size effectively uncontrollable!
* No method for introducing user priors



e 3DGS starts from SfM points for initialization

e MCMC can use random

initialization

* Highest 3DGS quality, on par
with best NeRF-based methods

Shakiba Kheradmand', Daniel Rebain', Gopal Sharma’,
Weiwei Sun', Yang-Che Tseng!, Hossam Isack?, Abhishek Kar?,

Andrea Tagliasacchi

! University of British Columbia, >Google Research,
3Google DeepMind, *Simon Fraser University, >University of Toronto

3D GAUSSIAN SPLATTING AS MARKOV CHAIN
MONTE CARLO (NEURIPS 2024)

3,4,5

, Kwang Moo Yi'

Table 1: Quantitative results with same number of Gaussians — Our method outperforms all
baselines even when starting from random initialization, with a large gap in performance when

compared with 3DGS [14] — Random. We highlight the best and second-best for each column.

NeRF Synthetic [22]

PSNRT /SSIMT/LPIPS,

MipNeRF 360 [2] Tank & Temples [17] Deep Blending [13]

PSNR1/SSIMT /LPIPS)

PSNR1 /SSIMT /LPIPS|

PSNRT /SSIMT /LPIPS ]

OMMO [21]

PSNRT /SSIMT /LPIPS]

NeRF [23] 3101/ - / -  24.85/0.66/0.43 - 21.18/0.78/0.34 -
Plenoxels [37] 3176/ - / - 23.63/0.67/044 21.08/0.72/0.38 - -
INGP-Big [23] 3318/ - / - 2675/0.75/030 21.92/0.75/0.31 - -
MipNeRF [1] 33.09/ - / -  27.60/0.81/0.25 - 21.54/0.78/0.37 -
MipNeRF360 [2] - 29.23/0.84/021 22.22/0.76/0.26 - -
3DGS [14]— [4] 3332/ - / -  2869/0.87/022 23.14/0.84/0.21 - -
3DGS [14] (Random) 33.42/097/0.08 27.89/0.84/026 21.93/0.79/027  29.55/090/0.33 28.24/0.88/0.24
Ours (Random)  33.80/0.97/0.04 29.72/0.89/0.19 24.21/0.86/0.19 29.71/0.90/0.32 29.31/0.90/0.20
3DGS [14]  (SM) - 29.30/0.88/0.21 23.67/0.84/022  29.64 [0.90/0:32 28.83/0.89/0.22
Ours (SfM) : 29.89/0.90/0.19 24.29/0.86/0.19 29.67/0.89/0.32 29.52/0.91/0.20




* Dynamic Scenes: 4D Gaussian Splatting

Inverse Rendering and PBR Gaussians (Relighting)

USEFUL
GAUSSIAN « Generative Al for 3D Content
SPLATS

* Applications! 3DGS is used for
e Surface Reconstruction
* Fast Structure-from-Motion and Multi-View Stereo
 Collision and Physics Simulation (Robotics)
 Human Avatars (Full session at SIGGRAPH Asia ’24)




3D GAUSSIAN SPLATTING
EVERYWHERE



3D GAUSSIAN SPLATTING
& ALPHA BLENDING

i
-1
I(x) = 2 a;(x)c; 1—ai(x), a = oG (x), G(x) = e 05— " (x-p)
J

l

1. Vertex Shader 2. Geometry Shader 3. Fragment Shader

(c,a)

7.

4. Blending

+ (1 — ay)a,O



REDUCING THE SIZE OF 3DGS SCENES

* |s 3DGS a solution for fast, portable 3D viewing?
* Training speed _J Rendering speed |« Download speed X

* Generated .ply range from a few dozen MiB to more than one GiB

* Smaller than Plenoxels volumes, but much bigger than NeRF scenes




Downlead: 140s Download: 4.8s
PSNR: 25.10db PSNR: 25.06db

SHRINK IT DOWN! COMPRESSED 3DGS



— —

THE MEMORY COST OF 3DGS MODELS

* 59 x 4 bytes to represent a single Gaussian
* Millions of them!

s

pxlpy|pz quQiIQquk
sx|syls: | a || r|g|b

Shnghl T
shys|shy,

Transforms Point Cloud




Threshold

1. Pruning (start-to-end)
+0.03db / 2.37x




Reducing the Memory Footprint
of 3D Gaussian Splatting

submission n°1



BRINGING IT ALL TOGETHER:
3DGS FOR VIRTUAL REALITY

* Small models + artifact-free rendering are vital for a good user experience

+ Optimal Projection + Foveation (Ours)




Truck




SCALING IT UP: LEVEL-OF-DETAIL 3DGS



A HIERARCHICAL 3D GAUSSIAN
REPRESENTATION (SIGGRAPH ‘24)

Bernhard Kerbl*, Andreas Meuleman®*, Ge

22k images x
1.6km trajectory |

| 1 \
(a) Calibrated (b) Subdivision into
Cameras Chunks




LOD GENERATION, SELECTION & SWITCHING

___node n

\&._‘.— ‘\!
granularity\

em) — |

Generate ”h



GENERATING HIERARCHICAL LEVELS

e How do cluster multiple Gaussians into one?

e Mean and covariance are well-covered in literature, method to minimize KL divergence:

i b

N
—— - z
u(l+1) _ Zwiﬂ( )

[

N
s (l+1) _ Zwi(zgl) + (pi(l) B ;u(lﬂ))()ui(l) _p(l+1))T)

e What about the weights? We compute them using the product of opacity and surface area



LEVEL-OF-DETAIL SELECTION
BASED ON DISTANCE AND QUALITY
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STREAMING RENDERER PROTOTYPE
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e At each point, the
GPU only renders
(and stores) the -
selected Gaussians |
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TAMING 3DGS:
HIGH-FIDELITY MODELS IN 10 MINUTES

Saswat Mallick*, Rahul Goel*, Bernhard Kerbl, Francisco Carrasco, Markus Steinberger, Fernando de la Torre

S

T A

© PSNR:25.2dB L BT e S N PSNR 24,97 B
| - Size:1,450 MB g gt 1 SSizer1 96 MB
#Gaussians: 6 M o L 0t . #Gaussians: 0.8 M
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TAMING 3DGS

Pixel Scores

Set of Rendered
Views

Gaussians (G)




Taming 3DGS

High-Quality Radiance Fields with Limited
Resources
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TOWARDS
LIGHTNING-FAST
3D GAUSSIAN MODELS



ATTENTION IS ALL YOU NEED
FOR INSTANT 3D GAUSSIAN SPLATS

ldea: use transformers (+ attention) to predict per-pixel Gaussians from sparse inputs

Inductive 3D bias via epipolar attention: Pixelsplat (Charatan et al., 2024) ™

Simplify, only exhaustive cross attention: GS-LRM (Zhang et al., 2024) . : ‘

____________________

Mix Transformers + Mamba: Long-LRM (Ziwen et al., 2024)
* Quadratic complexity in number of tokens painfully slow
* Go from sparse inputs to denser ones with Mamba

Per-pixel Gaussians Merged Gaussians

- —



FROM UP TO 32 IMAGES, IN 1.3 SECONDS
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THANK YOU!

https://repo-sam.inria.fr/fungraph/3d-gaussian-splatting/ 45

O https://Qithub.com/graphdeco-inria/gaussian-splatting | =25

Funding: ERC Advanced Grant FUNGRAPH erc )
http://fungraph.inria.fr lreia gc';ITl\E/EDF;SZlLTjE mps A



https://repo-sam.inria.fr/fungraph/3d-gaussian-splatting/
https://repo-sam.inria.fr/fungraph/3d-gaussian-splatting/
https://repo-sam.inria.fr/fungraph/3d-gaussian-splatting/
https://repo-sam.inria.fr/fungraph/3d-gaussian-splatting/
https://repo-sam.inria.fr/fungraph/3d-gaussian-splatting/
https://repo-sam.inria.fr/fungraph/3d-gaussian-splatting/
https://repo-sam.inria.fr/fungraph/3d-gaussian-splatting/
https://github.com/graphdeco-inria/gaussian-splatting
https://github.com/graphdeco-inria/gaussian-splatting
https://github.com/graphdeco-inria/gaussian-splatting
https://github.com/graphdeco-inria/gaussian-splatting
https://github.com/graphdeco-inria/gaussian-splatting
http://fungraph.inria.fr/
http://fungraph.inria.fr/

THANK YOU
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Bernhard Kerbl Thomas Kohler Felix Windisch
kerbl@cg.tuwien.ac.at t.koehler@tugraz.at felix.windisch@tugra
Z.af



Artifacts in Gaussian
Splatting

Thomas Kohler

Symposium on Geometry Processing - 2025



> 3D Gaussians ; » Camera Point view

6 (17.37 ms)

VSync On

Source: https://repo-sam.inria.fr/fungraph/3d-gaussian-splatting/




Artifacts?







Mini-Splatting
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Source: https://cekavis.site/VRSplat/







Goals

1. Understand origin of artefacts
2. Explore different approaches

3. Overview of latest research




Popping

e Gaussians are transparent [Kerbl et al. 2023]

* Alpha blending: S 1
C(r) = ciaj | |(1—aj)
Zeol ]

* Order dependent —

* Easiest: Global sort view space mean




Source: https://r4dl.github.io/StopThePop/
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Sorting

3DGS  Full Sort

o Omax ~ 28.445
E Savg ~ 3.688
= runtime [IEIOOMN 142.03
b Omax  33.543
A runtime 1000 179.70

N Gaussians Per Tile [Radl et al. 2024]




Order Independent Transparency
e Approximate sort with k-Buffers [Callahan et al. 2005]

* Fixed-size buffers
* Avoids memory overhead of A-buffers
* Blend closest fragments on overflow

* Relies on nearly sorted incoming fragments



Tile Based Depth

* Depth smooth across neighbouring rays
e Similar sorting order
e Sort Gaussians per tile

* Higher accuracy

* Avoids per-pixel sort




Tile Based Depth




Hierarchical Sorting

* Refine sort oder
* Incrementally smaller tiles
e Sort queues on every hierarchy

8x4

Image 16 x 16 tiles 8 x4 tiles
splitinto tiles sorted globally sorted cooperatively




Hierarchical Sorting

Preprocess Duplication * 3-Stage Hierarchical Renderer
extent extent ¥ v v
evaluation evaluation | 32batch load | —>| 16 batch load | —>| 4batchload |
. : v v
>32 til >32 til
= = dual 4x4 FOREACH batch (4) FOREACH elem (4x)
<32 > > <32 > tile culling
dual 4x4 tile shuffle batch
depth eval (4 elem) Yes
. . : 2x2 depth eval |
; : tile culling, 4x4 tile | No
tile Cl.l”lng «— per-tile depth < - > presort (32 e|em) |2X2 local presort |
dual 64 elem | merge Sort |
Hierarchy Levels merge sort A
5 >4
—_ <4
2 =
x4 | —>| 4x4 9=
C oI | <32 . '
Image 1616 tiles 8 x4 tiles
splitinto tiles sorted globally sorted intra-warp Y
— (1T
kernel :I —> control flow 52 el %%é#
| warp || halfwarp | 4threads | _ = data flow smem 4x4 tile-queue  smem 2x2 tile-queue reg per-pixel queue




Hierachical Sorting

Resorting Window

4 8 16 24

3DGS Full Ours

. Omax  28.445 5867 3.882 3.544 4.580 | 0.575
E avg  3.688 0.124  0.045 0.014  0.007  0.003
= runtime | 1.00  142.03 121 166 270 422 [10.92°
= Omax  33.543 12.786 8.954 6.391 5.595  3.098
C Savg  3.786 0.265 0.110 0.039 0.019 = 0.006
O .

A runtime [T100 179.70 176 258 433  6.88 | 147




StopThePop [Radl et al. 2024]

StopThePop: Sorted Gaussian Splatting for View-Consistent Real-time
Rendering

LUKAS RADL* and MICHAEL STEINER?”, Graz University of Technology, Austria

MATHIAS PARGER, Huawei Technologies, Austria

ALEXANDER WEINRAUCH, Graz University of Technology, Austria

BERNHARD KERBL, TU Wien, Austria

MARKUS STEINBERGER, Graz University of Technology, Austria and Huawei Technologies, Austria

3D Gaussian Splatting Ours 3D Gaussian Splatting Ours

View Rotated View Rotated View : View Rotated View View Rotated View







Hybrid Transparency

* Alternative: Approximate sort with first K Gaussians
[Hahlbohm et al., 2025]

K
C = Za’iTici + TK+1 ((1 _Ttail)ctail + Ttailcbg)
i=1

* Quality — Speed trade-off
e K=16



Distortions

Source: https://fhahlbohm.github.io/htgs/




Splatting
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Splatting

\

Projected Density (Perspective)
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Splatting

\

\

> = gwxwlj!

T
J(p) = qu 3
i 1z




Splatting

- Local Affine Approximation (Perspective)
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> 0.0
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Error Analysis

* Error increases at
border
[Huang et al. 2024]

e Effect increased by
higher FOV

(a) A = 0.095

(b) A = 0.95



Optimal Projection [Huang et al. 2024]

Gy

I
D
Image Plane(z=1) I
. Unit Sphere . Un

it Sphere

Unit Sphere Based
Rasterizer

3D-GS Projection Optimal Projection Image




VRSplat [Tu et al. 2025]

()

Check for
updates

VRSplat: Fast and Robust Gaussian Splatting for Virtual
Reality

XUECHANG TU, Peking University, China

LUKAS RADL, Graz University of Technology, Austria

MICHAEL STEINER, Graz University of Technology, Austria

MARKUS STEINBERGER, Graz University of Technology, Austria and Huawei Technologies, Austria
BERNHARD KERBL, Carnegie Mellon University, USA

FERNANDO DE LA TORRE, Carnegie Mellon University, USA

g G SO Y - 96F
~ 25.04dB 4/  23.59dB ¢/ & 25.04 dB
popping X proj. errors X artifact-free

3INGS Mini-Snlattino Ontimal Praiection StanThePan Onre




3D Evaluation

\

Pro%'eocted Gaussian via Maximum along Z-ray




3D Evaluation

3D Gaussian Ray Tracing: Fast Tracing of Particle Scenes

! Computer Graphics Lab, TU Braunschweig, Germany {lastname}@cg.cs.tu-bs.de
2 Visual Computing Erlangen, FAU Erlangen-Niirnberg, Germany {firstname.lastname}@fau.de
3University College London, United Kingdom *University of New Mexico, USA
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inserted

Hm_i

v2 [cs.GR]

3DGS (345 fps) 2DGS (101 fps) StopThePop (206 fps) Ours (568 fps) Ground Truth

Train: 20m 22s, PSNR: 26.6 Train: 20m 33s, PSNR: 26.2 Train: 21m 26s, PSNR: 26.6 Train: 12m 27s, PSNR: 26.9
+ Persp. Correct + No Popping + Persp. Correct, + No Popping

"1 31 Jan 2025

3 [cs.GR] 10 Mar 2025




3D Evaluation

e \Volumetric consistent
e Self occlusion
* Analytically not possible (overlap)

Does 3D Gaussian Splatting Need Accurate Volumetric Rendering?

A. Celarek'. G. Kopanasz“%'4 63, Drettakis‘z'4 , M. Wimmer! ' and B. Kerbl'

'TU Wien, Austria, 2Google, United Kingdom, 3Inria, France, *Université Céte d” Azur, France

4k Gaussians 100k Gaussians

3D Gaussian Splatting Ray Marching 3D Gaussian Splatting Ray Marching

Figure 1: LEGO scene from the NeRF-synthetic dataset. Left: 4k Gaussians, rendered with 3D Gaussian Splatting and with extinction-
based volume ray marching. Right: 100k Gaussians with the same two techniques. While the more principled ray-marching technique yields
superior quality for fewer Gaussians, this benefit vanishes in qualitative and quantitative assessment when increasing their number.

I [cs.GR] 26 Feb 2025




3D Evaluation

* Point sampling
* Easy to implement
* Avoids projection error

* Where to sample?

(u—0)'z"1d
tmax = T gTy-ig




3D Evaluation

3DGS-MCMC
Kheradmand et al. [2024




Aliasing




Aliasing

* 3DGS has projected 2D Gaussian
e Screen-space filter
* Ensures minimum screen extent = no aliasing

* 3D Evaluation
* Not as easy




Mip-Splatting [Yu et al. 2024]

* 2D screen-space filter
* Not viable for 3D evaluation

° 3 D WO rl d S p a Ce fl Ite r Mip-Splatting: Alias-free 3D Gaussian Splatting
¢ U Se d i n m U Iti p I e WO r kS Zehao Yu'?  Anpei Chen'? Binbin Huang® Torsten Sattler’ Andreas Geiger'+

'University of Tiibingen ~ “Tiibingen Al Center ~ *ShanghaiTech University
4Czech Technical University in Prague

N https://niujinshuchong.github.io/mip-splatting
[\ ) ”
N/ »
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3D Mip-Filter
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3D Mip-Filter




Mip-Splatting [Yu et al. 2024]

gk (X)reg — (gk X glow)(x)

. ’2k| —L(x—pr)" (Bp+=-I) " (x—pi)
gk(x)reg — ‘Zk n % I‘ € k

* At least one camera during training

* Fixed after training!




Fixed 3D Filter




Adaptive 3D Filter

* Recompute 3D filter for each rendering view

* Normalizes total volume \/

* Point sampling does consider volume
 Single point per Gaussian
* Over-regularization




Adaptive 3D Filter

* Only consider change
perpendicular to d

* Avoids over-regularization

|2A3L| _ ‘2}| dej_ld _ df? s3 s3 + df¥ s? s5 + d¥ s7 s3
3| 3| dTX-1d d® 82 83 + d5 81 83 + df 81 89




Over-Sampling

e Gaussians too small in close out-of-distribution views
* Bound with max training frequency (Mip-Splatting)




Adaptive Filter

3D Gatissian-Spla
without 2D D_,ilatﬁa\‘n




AAA-Gaussians [Kohler et al. 2025]

Ivl [cs.GR] 17 Apr 2025

AAA-Gaussians: Anti-Aliased and Artifact-Free 3D Gaussian Rendering

Michael Steiner*! Thomas Kohler*! Lukas Radl'
Felix Windisch' Dieter Schmalstieg'~ Markus Steinberger!
!Graz University of Technology 2University of Stuttgart

Figure 1. (Top row) 3DGS rasterization approaches encounter artifacts in out-of-distribution camera settings: (1) Distortions from 2D splat
approximations in large field-of-view renderings. (2) 3D evaluation specific aliasing artifacts when zooming out. (3) Incorrect culling results
in screen space when the camera is close to objects. (4) Popping due to depth simplifications and global sorting. (Bottom row) Our method
addresses these issues with: (1) 3D Gaussian evaluation, (2) a correct aliasing filter, adapted specifically to Gaussian evaluation in 3D, (3)
accurate and robust bounding, and (4) efficient 3D culling integrated into hierarchical sorting.




Analytic-Splatting [Liang et al. 2024]

2D Gaussian
Pixel 3
Center

1/8

Rendering / Reference

Screen Space

(a) Pixel Center Sampling in 3DGS

1/8

- Rendering / Reference

(b) Analytic Integration Over Pixel in
Analytic-Splatting

|
|

1/8

Rendering / Reference

1/8

Rendering / Reference

e
" -



Other Artifacts

* Floaters
* Holes
* Depth imprecision (Sky)

e Qver-blur







Every triangle is a love triangle when you
love triangles.

Pythagoras, probably

[James Acaster]



Why convert 3DGS to Mesh?

N

blenderartists.Org/HEORVERERAYSICS-to-animation
-keyframe-actions-REBlEReEr/ 1192658

Simulation

UES's Lumen: comparison and setup | Francesc Llorens

Re-Lighting Editing

github.com/tomhsiao1260/mesh-editor




Disambiguation

Images
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WWQ\

3DGS
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Explicit Methods

Neural
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Radlance
Field

|

Implicit Methods




Disambiguation

4 ) 4 O\ 4 )
j — QOO — m ~Minutes
Images 3DGS Mesh
- J - J - /
Explicit Methods
4 )
Neural m
g = h SDF | '
Mesh
- /
Images Radlance ~Hours
\_ J )
Field ]

Implicit Methods




Disambiguation

=

Images

Part 1: Part 2:
Training Meshing
) 4 ) 4 )
NP ava
BN O |
3DGS Mesh
J \__ J \__ J

Explicit Methods



Gaussians and Ellipsoids




Training

Part 1




Part 1 Training




Part 1: Training

3D Gaussians Mesh

[Radl et al. 2025] SOF: Sorted Opacity Fields for Fast Unbounded Surface Reconstructic



Part 1: Training




3D Gaussians are blobs of light

[Oli Huttonen on Youtube: Minimalist Gaussian Splatting: How Few Camera Views Do You Really




3D Gaussians are blobs of light




3DGS is underconstrained

O




Constraining 3DGS

L=MLp_ssim+ (1 — X)Ly
—_—

Visual Accuracy

We have ground truth images, but no ground truth
geometry
> Rely on Priors (More Surface, Less Volume)

Tradeoff between Geometric Accuracy and
Performance/Fidelity



Geometric Losses

geometry — £d@st + Enorma.l + Efla,t + Emult@mew

. g~ 8

1. Depth Distortion Loss 2. Normal Consistency Loss

@«

o

ﬂ 3. Flattening Gaussians 4. Multi-View Loss
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Volume Rendering
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Volume Rendering




Volume Rendering

Transmittance




Volume Rendering




Volume Rendering

O

1




Volume Rendering

O

Transmittance




Volume Rendering




Volume Rendering




Volume Rendering




Volume Rendering

Transmittance

Early Stog- - -------- R j - B - 1 Ry )
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Volume Rendering

Transmittance

Early Stog- - -------- R j— ------------------ B - .= )
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Volume Rendering

Transmittance

Early Stop

®
80




Surface Rendering

Transmittance




Volume Rendering

Transmittance

Early Stog- - -------- R j— ------------------ B - .= )
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Volume Rendering

Transmittance

Early Stop

O




Volume Rendering

Transmittance

Early Stop

®
e




Volume Rendering

1 'el'ransmittanc £d18t= W1 d1d1

Early Stog---------- B------------ j— —————————————————— e il o L N gy

v

[Barron et al. 2021] Mip-NeRF 360: Unbounded Anti-Aliased Neural Radiance Fields
[Huang et al. 2024] 2D Gaussian Splatting for Geometrically Accurate Radiance Fields. SIGGRAPH




Volume Rendering

] Transmittanc £d18t= W, d1d1 + W3d2d2

e

v

{W,
Early Stoph - - - - -~ -~ B I | P ) I 1 Ry

®
3

[Barron et al. 2021] Mip-NeRF 360: Unbounded Anti-Aliased Neural Radiance Fields
[Huang et al. 2024] 2D Gaussian Splatting for Geometrically Accurate Radiance Fields. SIGGRAPH



Volume Rendering

a N
jflransmittanc L gist=ww,did; +w,wad,d, + = E w;d,;
© i
{W3
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[Barron et al. 2021] Mip-NeRF 360: Unbounded Anti-Aliased Neural Radiance Fields
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Geometric Losses
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Normal Consistency

[FM Coding] How to Render Depth & World Space Normals
on Game Screen? (Unity3D Beginner Tutorial)



https://www.youtube.com/watch?v=5lsKlOoepw4
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Normal Consistency

[FM Coding] How to Render Depth & World Space Normals
on Game Screen? (Unity3D Beginner Tutorial)
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3D Gaussian Normals / Depths

Render Depth Normal
» Mean? » Min Scale?

» Median? » Intersection Plane?




Gaussian Depth
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Median Depth
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[Yu et al. 2024] Gaussian Opacity Fields: Efficient Adaptive Surface Reconstruction in Unbounded



Exact Median Depth
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[Radl et al. 2025]



Min Scale Normal

/

Normals point in the flattest
direction

[Guedon and Lepetit 2023] SuGaR: Surface-Aligned Gaussian Splatting for Efficient 3D Mesh Reconstruction and High-Quality Mesh Rende




Intersection Plane Normal
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& & Normals should point outwards

[Yu et al. 2024]
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[Huang et al. 2024] 2D Gaussian Splatting for Geometrically Accurate Radiance Fields. SIGGRAPH



Monocular Supervision
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Monocular Supervision Loss
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Geometric Losses
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Flatten Gaussians: 2D Gaussian Splatting

Intersection - Gaussian

plane '( 2D Gaussian

[Huang et al. 2024]




Flatten Gaussians: Minimize Scale

Lflat = Z |min(S;)ll;

[Guedon and Lepetit, 2023]



Flatten Gaussians: Extent Loss
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Flatten Gaussians: Extent Loss
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Geometric Losses
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Multi-View Loss

Photometric Loss

B~

Geometric Loss

[Chen et al. 2025] PGSR: Planar-based Gaussian Splatting for Efficient and High-Fidelity Surface Reconstr




Part 2: Meshing

TSDF Volume Gaussian
Fusion Opacity Fields

[Roldao, 2022] 3D Semantic Scene Completion: A Survey
[Radl et al. 2025]




Meshing: Marching Cubes

[Guedon and Lepetit,
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Meshing: Camera Poses

3D Gaussians Camera Poses Better Mesh




Truncated Signed Distance Volume Fusion (TSDF)

3D Gaussians Posed Depth Maps Mesh

[Curless and Levoy, 1996] A Volumetric Method for Building Complex Models from Range Imag




Truncated SDF

[Curless and Levoy, 1996




Truncated SDF

[Curless and Levoy, 1996




Truncated SDF

[Curless and Levoy, 1996




Truncated SDF

[Curless and Levoy, 1996




Truncated SDF

[Curless and Levoy, 1996




Truncated SDF

[Curless and Levoy, 1996




Truncated SDF

[Curless and Levoy,
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Truncated SDF

[Curless and Levoy,

A s PN N "




Truncated SDF: Fusion

[Curless and Levoy,
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Truncated SDF: Fusion

[Curless and Levoy,
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Truncated SDF: Marching Cubes

[Curless and Levoy,
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Truncated SDF: Marching Cubes

[Curless and Levoy,
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TSDF struggles with Large, Open Areas

2DGS w/ Gaussian Opacity Ground Truth [Huang et al. 2024]
TSDF Fields [Yu et al. 2024]




Assumptions:
e No Self Occlusion
e No contribution after mean

* Blending Order not necessarily
1_Transmittanc correct

Volume Rendering

[Yu et al. 2024]
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[Yu et al. 2024]



Gaussian Opacity Fields
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Gaussian Opacity Fields
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Gaussian Opacity Fields: Space Carving

Opacity=0
Opacity=1
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[Yu et al. 2024]




Gaussian Opacity Fields: Space Carving
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Gaussian Opacity Fields
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[Yu et al. 2024]




Gaussian Opacity Fields
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Gaussian Opacity Fields
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[Yu et al. 2024]




Gaussian Opacity Fields
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Gaussian Opacity Fields

[Yu et al. 2024]
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Sorted Opacity Fields: Faster Meshing

Gaussian Opacity Fields can be slow:

#samples = #views * 9 x #Gaussians * #iterations

Timings in ms Process Points Process Gaussians Integrate Total
GOF 1.17 1.07 201.12 503.38
+ Tile/Ray Scheduling 1.15 0.99 41599 418.13
+ Min Z Bounding 1.15 0.99 237.29 259.44
+ Early Stopping 1.15 0.99 116.32 118.27
+ Point Pruning 0.91 0.99 72.41 74.40

~ 6.8x faster Meshing

[Radl et al. 2025



Sorted Opacity Fields: More Accuracy

Ours
s

Gaussian Opacity Fields
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[Radl et al. 2025
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