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Radiance Field from a CG perspective

 Starting from the past

* Pick from Classic Nerf

* An attempt of categorization from neuralfields.cs.brown.edu
* Some perspective



Why this is a big thing

* 3D Scanning

* Building a digital replica of something real
e Old stuff (start in the 90s) that works well for many classes of objects

* Traditional pipeline targets traditional 3D representation
e 3D meshes and point cloud

Reasonable when
the output is
something that can
be represented as a
surface




3D Scanning HowTo

* Many different techs

e Active/Passive
 Laser/structured lights/lidar/etc.

* Close Photogrammetry (aka 3D from photo)
IS a rising star
* Cheap
* Good appearance
* Getting better and better




3D from photo: SW options

* Major players
Agisoft MetaShape
* Powerful/versatile/costly

RealityCapture
* Very fast / flexible licensing

Many cell phone app arising
e RealityScan

OpenSource
* Colmap
* Micmac
* Alicevision



Close photogrammetry: How does it work?

* We do perceive the
environment three-
dimensionality thanks to our
stereo vision AND the
perspective projection that
OCCUrs in our eyes..

e Using the geometric laws of
this two phenomena we can
reconstruct the 3D geometry
of the scene




Close photogrammetry:
Yes, but how does it really work?

* The entire process is based on finding matches between images.

* Matches are couple of visually similar points on the image that should
hopefully be the same point in the world.




Close photogrammetry: How does it work?

* Multiple Steps
* Finding Matches
* Finding feature points and actually matching them

e Camera Calibration
* Position and calibration of Cameras <

* 3D Position of matched feature points

* Dense Matching
* Merging, meshing and texturing



How does it work?

* Multiple Steps
* Finding Matches _e---@

A

indi : 3D-Model*, " "\
* Finding feature points oae

e Actually matching them
* Recovering Cameras
e Position and calibrations

feature points




Camera Calibration

No prior knowledge about camera calibration is available, so all information must be recovered from the
images

It is important that consistent features o } .|‘*_ .

are in the images! 3D-Model’y = /7~
* No white walls, “ﬁ‘f___\ P
* No changing appearance 7 -

* No moving stuff -

* No blur ‘\

Important factors:

* Position of the camera

M0 |
* Enough overlap \>
(only points that are visible )“Q corresponding

feature points

in at least 3 images are useful)

The scene to be reconstructed
and how you shot photos
have HUGE influence on the final reconstruction (!!)



Dense Matching

e After recovery of the camera
calibration, multiple set of images
are considered and for each image a
(incomplete, noisy) dense depth
map is computed

* These contain the depth of every
pixel and a quality measure (how
confident we are of each particular
pixel)

e Output is a point cloud

11



Image-based 3D Reconstruction

* Advantages:
e Cheap (no scanning device needed), fast tech evolution
* Good flexibility (both small and huge model can be acquired)
e Cameras are more easy to use than a scanner (lighter, no tripod, no power, multiple lenses ...)
* Non-expert users can create 3D models

* Disadvantages:
* Accuracy (not so accurate, problems with regions with insufficient detail)
* Could be slower than active techniques (many images to process and merge)
* Not all the objects can be acquired



Photogrammetry Limits

Traditional techniques fails for two main
reasons:

* Not everything is a surface

(e.g. can be easily represented by mesh or
points)

* Not every kind surface is willing to be
scanned




How to workaround the problem

Change the objective:

Building a 3D representation of shape and appearance

Versus

Targeting the reproduction of light going to a virtual observer



4D Light Field
Not a new idea, many (partial) failu

* Light Field Rendering (Levoy Hanaran 1996)

* “They are based on the notion of generating (i.e. rendering) new
images of a virtual scene from existing images rather than from 3D
models”

e Lot of issues

* Huge number of images required

Lot of memory

Strong camera limitations
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Not a new idea, many (partial) failures

ﬂt
e Lumigraph (Gortler et al. 1996) = P
* |dea restricting the plenoptic function (5d) to a /__\ M %;‘
surface surrounding an object (4d) and try to 1|l
compress and resample this (denslely) sampled info '// i R -f;,
e i
. LN 2 -s—

Figure 1: The surface of a cube holds all the radiance information
due to the enclosed object.

Figure 11: The user interface for the image capture stage displays
the current and previous camera positions on a viewing sphere. The
goal of the user is to “paint” the sphere.

Figure 12: Segmented image plus volume construction



Light Field Rendering. Not a new idea

e Since 1996 Lot of efforts

e Dynamically reparameterized light fields(lsaksne 2000)
* Fourier Slice Photography (Ren Ng 2005)

e Unstructured Light Fields(Abe Davis 2012)

* The light field stereoscope (Huang 2015)

* Compression
* these models where huge, GB size, in 1996 the avg pc had 8..16 MB

* Sampling
* They required very dense sampling (eg huge number of photos and their absence
generated blurriness...)

* Constrained viewing
* Not very far from being good at the end...



Neural Radiance field

* Do the same but with a neural network

* NeRF: Representing Scenes as Neural Radiance Fields for View Synthesis
(Mildenhall etal 2020)

Input Images Optimize NeRF Render new views
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Neural Radiance Field

Main idea: to encode in the neural field a density + radiance
spatial function e.g a function that for each point (x, y, z) (x,y,z,g,qb)—r[":"]—»(RGBa)

and direction (6, ¢) of space it gives me back the density o F

in this point and the radiance RGB along that direction &

5D Input Output Volume Rendering
Position + Direction [I["] Color + Density Rendering Loss
(x,2,6,6) ||| | | = (RGBo) TG
f) Ray'1 o 5 /\ 2
% o " “:; S ..,_, ~ , 2
5 > Ray 2 /_\ 2
I “ |- g.t.
3 2
Ray Distance

(a) () (d)



Not the first to explore this (neural) path too

* Neural Volumes (Lombardi 2019)
* Scene Representation Networks (Sitzmann 2019)
* Local Light Field Fusion (Mildenhall 2019)

Materials

Ground Truth NeRF (ours) LLFF [28] SRN [42] NV [24]



(x.,2,0,¢) > [l["] —(RGBo)
F

e

Main improvements

* Positional Encoding

 Eg NN as general function approximation have a low freq bias

* Exploits Transformers Positional Encoding trick
* Map each coord R-> R2t

v(p) = (sin(27p), cos(2°7p), - - - , sin (2L~ 17p), cos (2L~ 1mp) )




What happens after?



The “Cambrian Explosion” of Neural Fields

InstantNGP |
|

NeRF|

Number of Neural Field Publications [1998-2022]

DeepSDF, 140

PlFu .5 120
% 100
Occupancy e
Networks, IM-NET S
| E 46
AtlasNet | ~

n— - S ssmd B RB

App roxima ting G @ (TP o (0 o8 o g g

Reflectance Year (a: first half, b: second half)

Functions using
Neural Networks
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Great Reference
and inspiration for most of the next slides

neuralfields.cs.brown.edu
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Neural Fields General Framework

| Conditioning | [ Hybrid |

| Spatial | ’ ] r
2 4

| Temporal | t

What we want to
reconstruct:

The bridge:

What we can

differentiable forward maps measure:

Radiance + Density Field

Signed Distance Field

[Coordinate Sampling ] [ Neural Network ]

[ Reconstruction Domain ]

Volume Rendering

Ray 1

[ Forward Map ]

RGB Image

Depth Image

- 4l

-

[ Sensor Domain ]

‘ Optimization via gradient descent '




Strengths and Weaknesses of Neural Fields

Strengths: Weaknesses:

Compactness Computationally expensive

Not easily editable
Self-regularizing

% éﬁﬁ} Hard to model semantics and discrete

data
2D 3D nD

Domain
agnostic Lack of theoretical understanding



Neural FieldTaxonomy

Field Parameterization

Forward Map

Geometry & Appearance Model

Inference Model




Recap of 3D parameterizations

MLP neural field
Monolithic MLP that maps coordinates to features

Transformer neural field
Neural field queried via cross-attention of coordinates over tokens

Hybrid discrete-continuous neural fields
Locally store MLP parameters / features il

Voxels Hash Maps

Meshes Point clouds

Factorizations

= V p : ¥
v g — osition, 1,



Recap of inference models

Per-scene
Optimization

Pre-trained or optimized
embeddings

Time, rays,
materials

Query
coordinate

Feature encoding

Encoder

X —> (O
Query
coordinate Neural Field

Auto-decoding

Query O—O0—0
coordinate  Neyral Field



3D Inverse Graphics Taxonomy

MLP / Point Cloud
Transformer Hybrid

Field Parameterization

Voxel Grid, Voxel UTTHARIS,
Grid Hvbrid Ground Plan
Y Hybrid
Volume .
Jendiening Sphere Tracing

Forward Map

Hybrid Volume
Rendering /
Sphere Tracing

Light Field

3D Density +
Surface Light
Field

Light Field

Geometry & Appearance Model

3D Level Set +
Surface Light

Hybrid level set /
Density + surface

Field light Field
Per-Scene Prior-based,
Optimization encoder

Inference Model

Prior-based,
auto-decoder

Unconditional
Generative




Example: NeRF

\ ‘ / ‘0‘\ ‘ /‘0‘&

(o, C)

Density Radiance

N
Field Parameterization Geometry & Appearance Model

Volume Rendering Per-Scene Optimization

Forward Map Inference Model



Example: NeRF

Field Geometry &
Parameterization Appearance Model

(0,C)

Density Radiance

Inference Model High quality

Slow rendering

- High memory in training forward pass
- Low storage cost (weights)

- Noisy or cloudy geometry

- Requires many images

Volume Rendering  |Per-Scene Optimization



Example: NeRF

\ “\\'1{ \'1

/ \«
/(‘V\ /(‘V\

Field Parameterization

Volume Rendering

Forward Map

(0, C)

Density Radiance

Geometry & Appearance Model

Per-Scene Optimization

Inference Model



Faster Radiance Fields w/ Hybrid Data Structures

Field Parameterization



Plenoxels

f [Yu et al. 2022]
Direct Voxel Grid Optimization
Voxel Grid [Sun et al. 2021]

°©
x
Plenoxels represent a scene as a sparse 3D grid with spherical £
. . . . &
harmonics (instead of a pure neural sampling function)
» . .
Our experiments suggest the key element of Neural Radiance w
Fields is not the neural network but the differentiable volumetric 2
renderer”
lmin
. ________ ;:::::: ...........................
I;
I 100x Faster Convergence
304
[0
Z
D 25
1 = Plenoxel
207 — NeRF

30 60
Tra|n|ng Time (mmutes)



Plenoxels
[Yu et al. 2022]
Direct Voxel Grid Optimization

Voxel Grid [Sun et al. 2021]
) %j InstantNGP
ey [Miller et al. 2022]




Voxel Grid

Point Cloud + MLP

R
/ %‘.“’,;"

/ s ™
| s

~.

______

Plenoxels

[Yu et al. 2022]

Direct Voxel Grid Optimization
[Sun et al. 2021]

InstantNGP
[Muller et al. 2022]

PointNeRF
[Xu et al. 2022]



Back to the origin

e Remember where we started?

* The vast majority of all the above still
strongly rely on the first steps of close range
photogrammetry to get correct camera
calibration

* Scenes where these condition fails never
represented in literature

* all examples are: “problematic object in nice
background” , why?

Input Images
&9 A B 9§ S a g
g T
SWIEFEE LR
prRvAaNaPES
¥

K

LE PG TED
B R GEAE T E B
PR A R e WA
B B ol B oo
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Optimize NeRF



Radiance Fields without Neurons:

GAUSSIAN SPLATTING

Kerbl, Kopanas et al., 3D Gaussian Splatting for Real-Time Radiance Field Rendering,
SIGGRAPH 2023 *Best Paper*

Rendering of real-world place

Rendering of real-world place

, ‘ " Agl' ’

T &

100fps 1080p rendering!
30 min. optimization time.
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Splat Rendering

* Inspired by point-based
rendering.

* Treat each point as an
ellipsoidal volume.




Advantages

* Accurate
 Comparable PSNR with the state-of-the-art NeRF method.

* Fast
* 100+ frames/second for rendering. ~1 hour for training.

* Memory efficient
* Performs on mobile devices (< 6GM VRAM).

* Easy to integrate in existing graphics frameworks
* Integrated to Unity, Unreal engine, etc.



* Ray Casting:

e Shoots rays from the camera
into the scene

Image
Camera

8 Light Source

View Ray /| ., .
Y /1 Shadow Ray

i\

Scene Object

 Rasterization

* Projects scene onto the camera’s
image plane







Radiance Fields without Neurons
3D Gaussian Splatting for Real-Time Radiance Field Rendering, (Kerbl, et al., 2023)

What we want to The bridge: What we can
reconstruct: differentiable forward maps measure:
| Spatial | Elliptical Weighted RGB Image
z Sparse Anisotropic Average (EWA)
3D Gaussians Gaussian Splattin
- D p objecf -
T L Depth Image
y =i L I
[Zwicker et al. 2001]
[ Reconstruction Domain ] [ Forward Map ] [ Sensor Domain ]

‘ Optimization via gradient descent '



Gaussian Splatting — Training

o 1. Initialize splats with the sparse points from SfM. Set the covariance

matrix to be the identity matrix.
e 2. Update the splats parameters with L1+SSIM loss and gradient
descents.
e 3. Clone splats in the under-reconstructed regions, and split splats
in the over-reconstructed regions.

Camera —
/ Projection \‘\‘
® o )
* 9 o . ‘ : )
SR Differentiabl e
22 —» | Initialization | —» 2 o z Image
% Tile Rasterizer <
» . Adaptive &
SfM Points 3D Gaussmns Density C | r 1
ensity Contro | — Operation Flow » Gradient Flow |
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Gaussian Splatting — Training

o 1. Initialize splats with the sparse points from SfM. Set the covariance
matrix to be the identity matrix.
e 2. Update the splats parameters with L1+SSIM loss and gradient
descents.
e 3. Clone splats in the under-reconstructed regions, and split splats
in the over-reconstructed regions.

Reconstruction

46



Conclusions and directions

* Things still hard

* Difficult scenes

Better integrations with traditional 3D pipelines
* editing, repurposing, animating, etc.

Integration in Learning Pipelines
* They are a richer representation than images so you could eventually extract more...
e “Higher-level semantic understanding within neural fields.

Priors

* Most of the approaches exploit a zero knowledge approach optimizing only on the
provided dataset

* World is boring...
Dynamic Scenes



Learning Cameras

* One common (weak) point of both nerf and gaussian splatting
approach:

Requiring Camera positions

* All these approaches rely on standard photogrammetric approaches to
recover the cameras



Recovering Cameras

 DUSt3R (Dense and Unconstrained Stereo 3D Reconstruction)2024
introduces a novel paradigm in multi-view 3D
reconstruction, eliminating the need for predefined camera poses
and intrinsics (works for pair of images)

e MUSt3R: Multi-view Network for Stereo 3D Reconstruction 2025

M?—l Mil—l. Miz—l ,@i Rt

EIN Dense 3D points
MUSt3R

Enc & Dec =i

RGB frame I' \ﬂ o

M M M: Depth

Global Prediction X ; |

Local Prediction X:‘:i
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