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Centre of Innovation
CI DAI for Data tech Agenda
and Artificial Intelligence

® Introduccion a la Generacion de Nuevas Vistas y Representacion de Superficies 3D
® NeRF: Modelo de Representacion Implicita en 3D

® Extensiones y Desarrollos Avanzados de NeRF



Centre of Innovation : A i i ?
CIDAI entre o Inne {Qué problema quiere solucionar?

Generacion de nuevas vistas

and Artificial Intelligence




Centre of Innovation . i i ?
CIDAIfmuatamh ¢(Para que lo quiere solucionar?

and Artificial Intelligence Aplicaciones

Virtual tourism

Walk-throughs and photo tours
Entertainment

AR /VR/XR

More engaging interaction with pictures
Video stabilization

Data augmentation

Content generation



Centre of Innovation s ?
CIDAIfDrDatatech ; Como se representa ?
and Artificial Intelligence

Representacién implicita

New view




Centre of Innovation .
CID AI for Data tech Representing 3D surfaces
and Artificial Intelligence

Explicit and Implicit representations

Explicit:
W\
[
( .
N ]
\
7
Mesh Voxels Point clouds Depth Surface Normals

Implicit:

Signed distance field Mixture of primitives

. : Density
(e.g gaussian mixtures) 6

Slide credit: Mod from Thomas Funkhouser @ 3DGV seminar and Ramamonjisoa @ENPC



Centre of Innovation .
CI D AI for Data tech Representing 3D surfaces
and Artificial Intelligence Geometry representations

Mesh Representation Voxel Representation
Small memory footprint Easy to optimize
Hard to optimize Large memory footprint

Slide credit: Matt Tancik @ ECCV22 Tut.



Centre of Innovation .
CID AI for Data tech Representing 3D surfaces
and Artificial Intelligence

Implicit functions
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Slide credit: Matt Tancik @ ECCV22 Tut.



Centre of Innovation .. .
CIDAIforDatatech More works on Implicit Functions for 3D shape

and Artificial Intelligence Occu pancy networks

Occupancy Networks
(Mescheder et al. 2019)

(x,y,z) = occupancy

Slide credit: Matt Tancik @ Tubingen



Centre of Innovation . . .
CIDAIforDatatech More works on Implicit Functions for 3D shape

and Artificial Intelligence  peep Signed Distance Functions

DeepSDF i
(Park et al. 2019) Pl o
(x,y,7) — distance

(e)

Slide credit: Matt Tancik @ Tubingen



Centre of Innovation . . .
CIDAIforUatatech More works on Implicit Functions for 3D shape

and Artificial Intelligence gene Representation Networks

Scene Representation Networks
(Sitzmann et al. 2019)

(x,y,z) — latent vec. (color, dist.)

Slide credit: Matt Tancik @ Tubingen
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CIDAI

Centre of Innovation

for Data tech More works on Implicit Functions for 3D shape
and Artificial Intelligence  pifferentiable Volumetric Rendering

Differentiable Volumetric Rendering
(Niemeyer et al. 2020)

(x,y,2) = color, occ.

—  Camera

Implicit Model fp

Slide credit: Matt Tancik @ Tubingen

12



Centre of Innovation . ..
CI DAI for Data tech Converting Implicit Surfaces to meshes
and Artificial Intelligence

Extract iso-surface

Mesh
Implicit representation

Marching Cubes Marching tetrahedra

23]




Centre of Innovati . . . :
CIDAI  Datatodh Representing 3D surfaces with Implicit Functions

Pros:

Cons:

and Artificial Intelligence

Se puede definir la iso-surface sin agujeros (opuesto a PC)
Puede adaptarse a cualquier topologia (opuesto a Meshes e.g: de una esfera a un donut)
Se puede representar con menos parametros y de forma eficiente (opuesto a Voxels)

m Son altamente comprimibile (1-10 Mb)

Son continuos en el espacio 3D

No es trivial extraer la representacion extrinseca

Necesita pasos extra para visualizar las representaciones implicitas

14
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CIDAI entre o e Neural Radiance fields (NeRF)

and Artificial Intelligence Representation

NeRF:[NeuraIIRadiance fields ]
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[1] Mildenhall, Srinivasan, Tancik et al., NeRF: Representing Scenes as Neural Radiance Fields for View
Synthesis, ECCV 2020



https://arxiv.org/pdf/2003.08934.pdf
https://arxiv.org/pdf/2003.08934.pdf

Centre of Innovation H H
CIDAI entreoflnne Neural Radiance fields (NeRF)

and Artificial Intelligence Representation

x? y? Z? 07¢ III T) 7b7
( = (7, g )

Spatial Vuewmg Output Output
location direction 9 color density

Fully-connected
neural network
9 layers,

256 channels

Slide credit: Jon Barron



CIDAI

Centre of Innovation
for Data tech
and Artificial Intelligence

Neural Radiance fields (NeRF)

Input images

Slide credit: Jon Barron

17



Centre of Innovation H H
CIDAI entre o e Neural Radiance fields (NeRF)

and Artificial Intelligence Representation

(x7y7z707¢) r?.g?b?a)
Sodor st o ey
5D Input Output
Position + Direction Color + Density

(x, »2.0.4)—> Dl][l—’ (RGBo) a1
g e

s
&«
u




Centre of Innovati , :
CIDAI torDatatoch Neural Radiance field (NeRF)
and Artificial Intelligence

Volumetric rendering with ray tracing

Expected color Opacity Predicted colors
for a ray i\

S G = /t T(t)a(r(t))cé(t),d)dt, - T(t)zexp(— /tt a(r(s))ds)

n

Volume density

Ray

3D volume

Slide credit: Jon Barron
19



Centre of Innovation
for Data tech
and Artificial Intelligence

5D Input

Position + Direction

(x264)— I]I][I—» (R
F

e

Neural Radiance field (NeRF)

Volumetric rendering with ray tracing

Output
Color + Density

GBO') \ —_

Ray:2
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Volume

Rendering
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Rendering
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for Data tech
and Artificial Intelligence

CID AI Centre of Innovation Previous volume rendering for view synthesis

RGB-alpha volume rendering for view synthesis

Input images Predicted voxel grid Rendered new views

I

Decoder

—
P

+ Great rendering model: good for optimization
- Horrible storage requirements (1-10 GB) Niurai Volames; Eombardletal 2019

Slide credit: Matt



Centre of Innovation H H
CIDAIforDatatECh Neural Radiance fields (NeRF)

and Artificial Intelligence Traini ng process

Input Images
A A B A
. @%&w%ﬁ&¢wﬁ
& '“ Iy S = . &"ﬂ "‘ t g ?’ ‘g f "“V‘
2? 5% 0 u? o ol %@s®@%ﬁ@&$
Ol @28 0 P — B b & R &
L &b o F AR . R
B ¥
- EESEE T L

Capture Scene

[1] Nerf: Representing scenes as neural radiance fields for view synthesis, B Mildenhall, PP Srinivasan, M Tancik... - ECCV 2020


https://par.nsf.gov/servlets/purl/10301170

Centre of Innovation H H
CIDAIfOrnmtech Neural Radiance fields (NeRF)

and Artificial Intelligence Traini ng process

Optimize NeRF Render New Views
Input Images /

A AU 8 R \\

& A A ke ,'g; x s \’ A\\V‘\\']/A\\'{/« .
FANSEPR SO 9, R
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2R Y d
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[1] Nerf: Representing scenes as neural radiance fields for view synthesis, B Mildenhall, PP Srinivasan, M Tancik... - ECCV 2020


https://par.nsf.gov/servlets/purl/10301170

CIDAI

Centre of Innovation
for Data tech
and Artificial Intelligence

Rendered Camera Path

Neural Radiance field (NeRF)

Image Based Rendering

>

o= i

4

View Dependent Apperance

24



Centre of Innovation
for Data tech
and Artificial Intelligence

Calibrated Camera
Intrinsics and extrinsics

Neural Radiance field (NeRF)

Inputs

25



CIDAI

Centre of Innovation

for Data tech Neural Radiance field (NeRF)

and Artificial Intelligence NeRF input

’ 5 )\" 3

Sparse model of central Rome using 21K photoé produced by COLMAP’s SfM pipeline.

. : X " ~ '_’ 4 v B

Dense models of several landmarks produced by COLMAP’s MVS pipeline.

[1] Schonberger, J. L., & Frahm, J. M. (2016). Structure-from-motion revisited. CVPR (pp. 4104-4113).

26



Centre of Innovation H H
CIDAIfornatmch Neural Radiance field (NeRF)

and Artificial Intelligence Trick: Two pass filtering

Can we allocate samples more efficiently?
Two pass rendering

Ray

3D volume

Camera

Slide credit: Jon Barron



Centre of Innovation H H
CIDAIfOrDatatech Neural Radiance field (NeRF)

and Artificial Intelligence Trick: Two pass filtering

Two pass rendering: coarse

Ray

treat weights as probability D ¥olime

distribution for new samples

Slide credit: Jon Barron



Centre of Innovation H H
CIDAIfMatatech Neural Radiance field (NeRF)

and Artificial Intelligence

Trick: Two pass filtering

Two pass rendering: fine

Ray

treat weights as probability 3D volume

distribution for new samples

Cur) = C)| + [ st - € (“)”z]

Camera

E=§J'

Slide credit: Jon Barron



CIDAI

Centre of Innovation

for Data tech
and Artificial Intelligence

Neural Radiance field (NeRF) : Tricks

Trick: Positional encoding

Image Representation

f \} ‘/ } I/ oW I\
IR/ \\

NAN /AN /AN

N I, TN
NP,

Slide credit: Matt Tancik @ ECCV22 Tut

30



Centre of Innovation
for Data tech
and Artificial Intelligence

ltaération 1000

Neural Radiance field (NeRF) :Tricks

Trick: Positional encoding

MLP output Supervision image

Slide credit: Matt Tancik @ ECCV22 Tut.

31



Centre of Innovation
for Data tech
and Artificial Intelligence

Input

I
A 36 5
B 38 5

Neural Radiance field (NeRF) :Tricks

Trick: Positional encoding

Target 0

. 8¢

Target Image

Slide credit: Matt Tancik @ ECCV22 Tut.

32



for Data tech
and Artificial Intelligence

CIDAICentre ol rovetion Neural Radiance field (NeRF) : Tricks

Trick: Positional encoding

Why does positional encoding help?

X

Input Target
X y

A [N
s [ ] [] y

With Positional Encoding
X y

A . . Target Image
s [ []

Slide credit: Matt Tancik @ ECCV22 Tut. 33



for Data tech
and Artificial Intelligence

CIDAIBentre ol rovation Neural Radiance field (NeRF) :Tricks

Trick: Positional encoding

NeRF with and without positional encoding

NeRF (Naive) NeRF (with positional encoding)

[1] Tancik, Srinivasan, Mildenhall et al., Fourier Features Let Networks Learn High Frequency Functions in Low Dimensional
Domains, NeurlPS 2020

Slide credit: Matt Tancik @ ECCV22 Tut.

34


https://arxiv.org/pdf/2006.10739.pdf
https://arxiv.org/pdf/2006.10739.pdf

for Data tech
and Artificial Intelligence

CIDAIBentre ol rovation Neural Radiance field (NeRF) : Tricks

Trick: Positional encoding with Fourier features

No Fourier features

o
SIA T

o

{\
/

N
1O
N
o

With Fourier features

(a) Coordinate-based MLP (b) Image regression (c) 3D shape regression  (d) MRI reconstruction (e) Inverse rendering

(z,y) — RGB (x,y,z) — occupancy (z,y,z) — density (x,y,z) — RGB, density

Fourier features let networks learn high frequency functions in low dimensional domains, M Tancik, P
Srinivasan, B Mildenhall

35


https://proceedings.neurips.cc/paper/2020/hash/55053683268957697aa39fba6f231c68-Abstract.html
https://scholar.google.com/citations?user=l0Bj7U8AAAAJ&hl=ca&oi=sra
https://scholar.google.com/citations?user=aYyDsZ0AAAAJ&hl=ca&oi=sra
https://scholar.google.com/citations?user=aYyDsZ0AAAAJ&hl=ca&oi=sra
https://scholar.google.com/citations?user=NozIDL8AAAAJ&hl=ca&oi=sra

CIDAI

Centre of Innovation
for Data tech
and Artificial Intelligence

Neural Radiance field (NeRF)

Results

36


https://docs.google.com/file/d/120xWbq_Ot3IVRGgkPk5ySBCVbNrBcsgG/preview

Neural Radiance field (NeRF)

and Artificial Intelligence

Centre of Innovation
for Data tech

CIDAI

37


https://docs.google.com/file/d/1gpis8zAAlYeFPXBo5uPaQOCLCkl0Duan/preview

Centre of Innovation New view synthesis metrics
for Data tech
and Artificial Intelligence

PSNR SSIM LPIPS

converged image
(best SSIM)

ook initial
20 dB image

reference equal-MSE
image hypersphere

converged image
(worst SSIM)

[11 Zhou Wang, Eero P Simoncelli,and Alan C Bovik. Multiscale structural similarity for image quality assessment.Asilomar Conference on Signals, Systems & Computers, 2003.

[2]. Zhang, R, Isola, P, Efros, A.A., Shechtman, E.,Wang, O.:The unreasonable effectiveness of deep features as a perceptual metric. In: CVPR (2018) 38



CIDAI

Centre of Innovation
for Data tech
and Artificial Intelligence

Limitations original NeRF

39



Centre of Innovation 1
CIDAI for Data tech Fam]ly
and Artificial Intelligence

Natural Images

[1] Nerf in the wild: Neural radiance fields for unconstrained photo collections, R Martin-Brualla, N Radwan... - CVPR21 2021



http://openaccess.thecvf.com/content/CVPR2021/html/Martin-Brualla_NeRF_in_the_Wild_Neural_Radiance_Fields_for_Unconstrained_Photo_CVPR_2021_paper.html
https://scholar.google.com/citations?user=9F59OCYAAAAJ&hl=es&oi=sra
https://scholar.google.com/citations?user=g98QcZUAAAAJ&hl=es&oi=sra

CIDAI

Centre of Innovation 1
for Data tech Fam] ly
Natural Images

and Artificial Intelligence
/() ]
appearance

Y

embedding J
0
viewing
direction RGB
color "
Q
XYZ o | &
—
position density
- ﬁ
uncertainty
o(7) 1
transient S
embedding J g
7]
5
S
-

[1] Nerf in the wild: Neural radiance fields for unconstrained photo collection

s, R Martin-Brualla, N Radwan... - CVPR21 2021

41


http://openaccess.thecvf.com/content/CVPR2021/html/Martin-Brualla_NeRF_in_the_Wild_Neural_Radiance_Fields_for_Unconstrained_Photo_CVPR_2021_paper.html
https://scholar.google.com/citations?user=9F59OCYAAAAJ&hl=es&oi=sra
https://scholar.google.com/citations?user=g98QcZUAAAAJ&hl=es&oi=sra

Centre of Innovation 1
CIDAI for Data tech Fam]ly
and Artificial Intelligence

Natural Images

[1] Nerf in the wild: Neural radiance fields for unconstrained photo collections, R Martin-Brualla, N Radwan... - CVPR21 2021



http://openaccess.thecvf.com/content/CVPR2021/html/Martin-Brualla_NeRF_in_the_Wild_Neural_Radiance_Fields_for_Unconstrained_Photo_CVPR_2021_paper.html
https://scholar.google.com/citations?user=9F59OCYAAAAJ&hl=es&oi=sra
https://scholar.google.com/citations?user=g98QcZUAAAAJ&hl=es&oi=sra
https://docs.google.com/file/d/1yHW2r_Gj4cdUoI-8d6FNtTh5pe1oSrkv/preview

CIDAI

Centre of Innavation 1
for Data tech Fam] ly
Pose Estimation

and Artificial Intelligence
NeRF BARF (ours)

3D scene representation
+ registered camera poses

3D scene representation

[2] Barf: Bundle-adjusting neural radiance fields, CH Lin, WC Ma, A Torralba..., ICCV2021

43


http://openaccess.thecvf.com/content/ICCV2021/html/Lin_BARF_Bundle-Adjusting_Neural_Radiance_Fields_ICCV_2021_paper.html
https://scholar.google.com/citations?user=tjjniXEAAAAJ&hl=ca&oi=sra
https://scholar.google.com/citations?user=SVIdh6AAAAAJ&hl=ca&oi=sra
https://scholar.google.com/citations?user=8cxDHS4AAAAJ&hl=ca&oi=sra

Centre of Innovation 1
CIDAI for Data tech Fam]ly
and Artificial Intelligence

Faster Training and Inference
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[4] Instant Neural Graphics Primitives with a Multiresolution Hash Encoding, T Miiller, A Evans, C Schied, A Keller, Sigraph 2022 44



https://arxiv.org/abs/2201.05989
https://scholar.google.com/citations?user=csrnbFYAAAAJ&hl=en&oi=sra
https://scholar.google.com/citations?user=ToqGImkAAAAJ&hl=en&oi=sra
https://scholar.google.com/citations?user=STYtYHwAAAAJ&hl=en&oi=sra
https://scholar.google.com/citations?user=kqyUhBIAAAAJ&hl=en&oi=sra

Centre of Innovation 1
CI DA for Data tech Fam] ly
and Artificial Intelligence

Faster Training and Inference

-‘ Elapsed training time: O seconds

[4] Instant Neural Graphics Primitives with a Multiresolution Hash Encoding, T Miiller, A Evans, C Schied, A Keller, SIGGRAPH 2022 45



https://docs.google.com/file/d/1ryfglZaCYgH4ELooCPQs10qIeaeMIi9M/preview
https://arxiv.org/abs/2201.05989
https://scholar.google.com/citations?user=csrnbFYAAAAJ&hl=en&oi=sra
https://scholar.google.com/citations?user=ToqGImkAAAAJ&hl=en&oi=sra
https://scholar.google.com/citations?user=STYtYHwAAAAJ&hl=en&oi=sra
https://scholar.google.com/citations?user=kqyUhBIAAAAJ&hl=en&oi=sra

Centre of Innovation 1
CIDAI for Data tech Fam]ly
and Artificial Intelligence

Multi-scale: Aliasing problem

Aliasing effect
Sampling points in time
1 2 3 4 5 6 7 8 9
I I I I I I I I I
A i .
Signal digitized signal

. T TERAL

Figure credit: https://www.kistler.com/sampling-rate-and-aliasing-effect
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CIDAI

Centre of Innovation
for Data tech
and Artificial Intelligence

Family

Multi-scale: Flickering problem

Slide credit: Pratul Srinivasan @ ECCV22 Tut.

47



Centre of Innovation 1
CIDAI for Data tech Fam]ly
and Artificial Intelligence

Multi-scale: Aliasing or Flickering problem

Slide credit: Pratul Srinivasan @ ECCV22 Tut. 48



Centre of Innavation 1
CIDAI for Data tech Fam]ly
and Artificial Intelligence

Multi-scale

A/

/

a) NeRF b) Mip-NeRF

[3] Mip-nerf: A multiscale representation for anti-aliasing neural radiance fields, JT Barron, B Mildenhall, M Tancik..., ICCV2021

49


http://openaccess.thecvf.com/content/ICCV2021/html/Barron_Mip-NeRF_A_Multiscale_Representation_for_Anti-Aliasing_Neural_Radiance_Fields_ICCV_2021_paper.html
https://scholar.google.com/citations?user=jktWnL8AAAAJ&hl=ca&oi=sra
https://scholar.google.com/citations?user=NozIDL8AAAAJ&hl=ca&oi=sra
https://scholar.google.com/citations?user=l0Bj7U8AAAAJ&hl=ca&oi=sra

Centre of Innovation 1
CIDAI for Data tech Fam]ly
and Artificial Intelligence

Multi-scale

[3] Zip-NeRF: Anti-aliased grid-based neural radiance fields, JT Barron, B Mildenhall, D Verbin..., ICCV2023 30



https://arxiv.org/abs/2304.06706
https://scholar.google.com/citations?user=jktWnL8AAAAJ&hl=ca&oi=sra
https://scholar.google.com/citations?user=NozIDL8AAAAJ&hl=ca&oi=sra
https://scholar.google.com/citations?user=r2CioPsAAAAJ&hl=ca&oi=sra
https://docs.google.com/file/d/1UpBIgTE2ipcJWol8IHDKLQR0vjBlPQ1f/preview

CIDAI

Centre of Innovation 1
for Data tech Fa mi ly
Generalizable

and Artificial Intelligence

3 Input Views

[1] Pixelnerf: Neural radiance fields from one or few images, AYu, V Ye, M Tancik... CVPR 2021

—

pixelNeRF

51


http://openaccess.thecvf.com/content/CVPR2021/html/Yu_pixelNeRF_Neural_Radiance_Fields_From_One_or_Few_Images_CVPR_2021_paper.html
https://scholar.google.com/citations?user=LltfiXgAAAAJ&hl=en&oi=sra
https://scholar.google.com/citations?user=UFo0PcAAAAAJ&hl=en&oi=sra
https://scholar.google.com/citations?user=l0Bj7U8AAAAJ&hl=en&oi=sra

Centre of Innovation 1
CI DAI for Data tech Fam] ly
and Artificial Intelligence

Real-time Generalizable

[5] Efficient neural radiance fields for interactive free-viewpoint video, H Lin, S Peng, Z Xu, Y Yan, Q Shuai, H Bao, X Zhou - SIGGRAPH 2022



https://docs.google.com/file/d/1W3T4uBMNeoFM4m6-Zc-AskWcO-G4PPOz/preview
https://dl.acm.org/doi/abs/10.1145/3550469.3555376
https://scholar.google.com/citations?user=uHiT0CYAAAAJ&hl=ca&oi=sra
https://scholar.google.com/citations?user=l9NCksYAAAAJ&hl=ca&oi=sra
https://scholar.google.com/citations?user=7LUQ3TYAAAAJ&hl=ca&oi=sra
https://scholar.google.com/citations?user=_kvj3i8AAAAJ&hl=ca&oi=sra
https://scholar.google.com/citations?user=51lY6vIAAAAJ&hl=ca&oi=sra
https://scholar.google.com/citations?user=AZCcDmsAAAAJ&hl=ca&oi=sra
https://scholar.google.com/citations?user=E1vVpg4AAAAJ&hl=ca&oi=sra

Centre of Innovation 1
CIDAI for Data tech Fam]ly
and Artificial Intelligence

Depth input data

Sparse # of views e s S
P 2. ..~ Sparse 3D Points ‘:

-

N ——————————————— - -

!

o ———

-

1
A '_
1
Camera Parameters |
s

Color
Supervision
Color
sie +
Supervision
Depth
Supervision |

Depth Supervision for each keypoint

['Depth = ZHD(T‘) = Dg.t.”Z

———————— " ————

Color Supervision for each pixel:
cCular = 2 ||C(T‘) - Cg.L”Z

A

,.-------_---_g
| TS ——"

[6] Depth-supervised nerf: Fewer views and faster training for free, K Deng, A Liu, JY Zhu... - CVPR 2022

53


https://openaccess.thecvf.com/content/CVPR2022/html/Deng_Depth-Supervised_NeRF_Fewer_Views_and_Faster_Training_for_Free_CVPR_2022_paper.html
https://scholar.google.com/citations?user=esqd1TgAAAAJ&hl=es&oi=sra
https://scholar.google.com/citations?user=tZprM8IAAAAJ&hl=es&oi=sra
https://scholar.google.com/citations?user=UdpacsMAAAAJ&hl=es&oi=sra

CIDAI

Centre of Innovation
for Data tech
and Artificial Intelligence

Family
Depth input data
DSNeRF NeRF

o~

[6] Depth-supervised nerf: Fewer views and faster training for free, K Deng, A Liu, JY Zhu... - CVPR 2022
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https://openaccess.thecvf.com/content/CVPR2022/html/Deng_Depth-Supervised_NeRF_Fewer_Views_and_Faster_Training_for_Free_CVPR_2022_paper.html
https://scholar.google.com/citations?user=esqd1TgAAAAJ&hl=es&oi=sra
https://scholar.google.com/citations?user=tZprM8IAAAAJ&hl=es&oi=sra
https://scholar.google.com/citations?user=UdpacsMAAAAJ&hl=es&oi=sra

Centre of Innovation 1
CIDAI for Data tech Fam]ly
and Artificial Intelligence

Compositionally

Raference Sequances

from KITTI / Virtual KITTI 2 Decomposed Backqround Decomposad Objects Reconstructed Scene

[13] Neural scene graphs for dynamic scenes, J Ost, F Mannan, N Thuerey... - CVPR 2021 55


http://openaccess.thecvf.com/content/CVPR2021/html/Ost_Neural_Scene_Graphs_for_Dynamic_Scenes_CVPR_2021_paper.html
https://scholar.google.com/citations?user=mUbWwU4AAAAJ&hl=es&oi=sra
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Compositionally

[13] Neural scene graphs for dynamic scenes, J Ost, F Mannan, N Thuerey... - CVPR 2021 56
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[1] Mega-NeRF: Scalable Construction of Large-Scale NeRFs for Virtual Fly-Throughs, H Turki, D Ramanan... - CVPR 2022
[2] Block-nerf: Scalable large scene neural view synthesis, M Tancik, V Casser, X Yan, S Pradhan... - CVPR 2022
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https://scholar.google.com/citations?user=fuCTftEAAAAJ&hl=es&oi=sra
https://scholar.google.com/citations?user=9B8PoXUAAAAJ&hl=es&oi=sra
http://www.youtube.com/watch?v=6lGMCAzBzOQ&t=37
http://openaccess.thecvf.com/content/CVPR2022/html/Tancik_Block-NeRF_Scalable_Large_Scene_Neural_View_Synthesis_CVPR_2022_paper.html
https://scholar.google.com/citations?user=l0Bj7U8AAAAJ&hl=en&oi=sra
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Temporal representation (static with little deformation)

Our framework is highly configurable

Low bitrate streaming is readily achieved by adopting the efficient TensoRF-CP voxel representation.

[9] Nerfplayer: A streamable dynamic scene representation with decomposed neural radiance fields, L Song, A Chen, Z Li, Z Chen, L Chen
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Deformable (single object, complex motion)

Color: Skinning weights ~ pgge 1
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Human Modelling: Pre-defined model

[10] Humannerf: Free-viewpoint rendering of moving people from monocular video, CY Weng, B Curless, PP Srinivasan - CVPR2022
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Face Modelling
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[11] Dynamic neural radiance fields for monocular 4d facial avatar reconstruction, G Gafni, J Thies, M Zollhofer, M NieRner - CVPR2021 61
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Surface Reconstruction

[12] Neuralangelo: High-Fidelity Neural Surface Reconstruction, Z Li, T Mdller, A Evans, RH Taylor - CVPR2023



https://docs.google.com/file/d/1JkZ6hj1Il921vi_SVvZhsRsmT7GdwGhZ/preview
http://openaccess.thecvf.com/content/CVPR2023/html/Li_Neuralangelo_High-Fidelity_Neural_Surface_Reconstruction_CVPR_2023_paper.html
https://scholar.google.com/citations?user=oc7JNSwAAAAJ&hl=ca&oi=sra
https://scholar.google.com/citations?user=csrnbFYAAAAJ&hl=ca&oi=sra
https://scholar.google.com/citations?user=ToqGImkAAAAJ&hl=ca&oi=sra
https://scholar.google.com/citations?user=Ph16U5wAAAAJ&hl=ca&oi=sra

Centre of Innovation 1
CIDAI for Data tech Fam]ly
and Artificial Intelligence

Panoptic classification

panoramic panoptic label

[14] PanopticNeRF-360: Panoramic 3D-to-2D Label Transfer in Urban Scenes, X Fu, S Zhang, T Chen, Y Lu, X Zhou, A Geiger, Y Liao
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Reflection modeling and surface consistency

' >
Reflections -> Foggy volumes Texture and normals

Mip-NeRF

[15] Ref-nerf: Structured view-dependent appearance for neural radiance fields, D Verbin, P Hedman, B Mildenhall - CVPR2022 65
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[1] Neural Microfacet Fields for Inverse Rendering, A Mai, D Verbin, F Kuester, S Fridovich-Keil, ICCV 2023
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Jon Barron - Understanding and Extending Neural Radiance Field, 2020 [Talk at MIT][Talk at TUM]

Matthew Tancik: Neural Radiance Fields for View Synthesis, 2020 [Talk at Tubingen]

Tutorials

CVPR2022: Neural Fields in Computer Vision
ECCV2022: Neural Volumetric Rendering for Computer Vision
SIGGRAPH 2021 Course: Advances in Neural Renderin

CVPR 2020: Tutorial on Neural Rendering

Compilations of papers

https://github.com/awesome-NeRF/awesome-NeRF
https://paperswithcode.com/task/novel-view-synthesis

Libraries

NeRF Studio
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https://www.youtube.com/watch?v=HfJpQCBTqZs
https://www.youtube.com/watch?v=nRyOzHpcr4Q&t=689s
https://www.youtube.com/watch?v=dPWLybp4LL0
https://neuralfields.cs.brown.edu/cvpr22.html
https://sites.google.com/berkeley.edu/nerf-tutorial/home
https://www.neuralrender.com
https://justusthies.github.io/posts/neuralrenderingtutorial_cvpr/
https://github.com/awesome-NeRF/awesome-NeRF
https://docs.nerf.studio
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