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B® £%: Image-based rendering

Input images 3D model Novel views

NeRF in the wild: Neural radiance fields for unconstrained photo collections. CVPR. 2021.



Applications: (1) VR T &7

Google Immersive View



B® Applications: (2) BZ4R453%

¢

RED Lion movie'shortsh

Film “Matrix”



B® Applications: (3) jMB3XEFEM =

https://www.youtube.com/clip/Ugkx20018Vsn3ciOS4138PSXI_gOqgevhiN35



B® Applications: (4) Immersive memory

https://www.youtube.com/watch?v=TX9qSaGXFyg



B® Applications: (5) Simulator

https://www.youtube.com/watch?v=RVFIDEUNttO




B® Image-based renderingf 9B A7 TE

Output views

Input views

Image credit: Noah Snavely
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More Images . Less Images

Less Geometry More Geometry
Rendering with Rendering with Rendering with
No Geometry Implicit Geometry Explicit Geometry
Light Field Lumigraph Layered-Depth Images
Concentric MosaiCS Texture_Mapped Mode|s
Mosaicking View Morphing 3-D Warping
View Interpolation View-Dependent Geometry

View-Dependent Texture

Pop-Up Light Field
Plenoptic Video

A Review of Image—based Rendering Techniques, Visual Communications and Image Processing 2000.
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B® Surface-based representations Il 93k &%

R PR :
- UEESR=RE/LAE,
- ARTIREERN=HIT R,




B wEy=#RT2: Volume-based representations

« Multi-Plane image (MPI)
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Target RGB
x |=1IN
W~ Rendered
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Blend RGBA renderings together
to render final output image



Multi—Plane imagef:

https://augmentedperception.github.io/deepview/



B wEy=#RT2: Volume-based representations

« RGB-alpha volume

Reconstruction Target Image

Input Multi-view Video

Learning Dynamic Renderable Volumes from Images. SIGGRAPH 2019.



B® RGB-alpha volumeld% R

Learning Dynamic Renderable Volumes from Images. SIGGRAPH 2019.
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N 2HEN=#RT3: Implicit representations
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Explicit & discrete Implicit & continous

Occupancy Networks: Learning 3D Reconstruction in Function Space, CVPR 2019.



N 2HEN=#RT3: Implicit representations

Occpupacy Signed distance function (SDF)

[ ] °
@ SDF <0

G Decision
____ boundary
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surface
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Occupancy Networks: Learning 3D Reconstruction in Function Space, CVPR 2019.

Representation, CVPR 2019.

DeepSDF: Learning Continuous Signed Distance Functions for Shape




r Implicit neural representations

MLP
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Occupancy Networks: Learning 3D Reconstruction in Function Space, CVPR 2019.

DeepSDF: Learning Continuous Signed Distance Functions for Shape Representation, CVPR 2019.



P® Neural Radiance fields (NeRF)
 BIFRRTRNESNAREELSHEE.

NeRF

"
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\/‘*j;//ﬂ 53,20 ¢>—>lll—>(r 2.5,

/ - Spatia I Viewin Output Output
location direction FQ color density

Fully-connected

neural network

NeRF: Representing scenes as neural radiance fields for view synthesis, ECCV 2020.



P® Neural Radiance fields (NeRF)

« BRSO EERTAINLE

Discrete RGB-a volume

(x,y,2,0, ) —>III—>(r, g,b,0)
N\ ! ——

Spatial Viewing Output Output
location direction F Q color density

Fully-connected
neural network

Continuous RGB-« field

Neural Volumes: Learning Dynamic Renderable Volumes from Images, SIGGRAPH 2019.

NeRF: Representing scenes as neural radiance fields for view synthesis, ECCV 2020.



I® NeRFHJERHFE: Volume rendering

Rendering model for ray r(t) = o + td: Ray
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g=1 Camera

NeRF: Representing scenes as neural radiance fields for view synthesis, ECCV 2020.
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Input multi-view images

Optimizing NeRF

NeRF: Representing scenes as neural radiance fields for view synthesis, ECCV 2020.



™ NeRFEYIISR

5D Input Output Volume Rendering
Position + Direction Color + Density Rendering Loss
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NeRF: Representing scenes as neural radiance fields for view synthesis, ECCV 2020.



B® NeRFEY%$: Positional encoding
o« FFHINALIRIRET N S M=

v(p) = (sin(2°7p), cos(2°7p), - -

Ground Truth | Complete Model Nd Positional Enéoding

NeRF: Representing scenes as neural radiance fields for view synthesis, ECCV 2020.



NeRF: Representing scenes as neural radiance fields for view synthesis, ECCV 2020.
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NeRF: Representing scenes as neural radiance fields for view synthesis, ECCV 2020.
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B" NeRFHEIGAGIEET: SEREER




B™ NeRFEBRBEAEDIT

LPIPS: 0.118




B® p2{ENeRFERE AN B

1. FBFERFESNE = NSVF. AdaNeRF. ENeRF
2. BEZERRI1TERZA: SNeRG. PlenOctree. KiloNeRF, ObjectNeRF




P B EREANSE: NSVF

#1317 Sparse voxelsFPkiTempty spacefFKiF

’

(a . (b) . (¢)

(a)uniform sampling (b) importance sampling (c) ESS sampling

Neural Sparse Voxel Fields. NeurlPS 2020.



I® B RESMEE: AdaNeRF

 JIZ—~Sampling network, —RMFUN—5k%% LA REYweights

Ray Origin p
Ray Direction d

Sampling Network S(p, d)

—ANNRNNEE—

Evaluate once per ray

Adaptive Sampling and
Positional Encoding

(p,d,0 = enc(p), ¢ = enc(d), )
|

Shading Network T(p,d, 0, ¢, §)
Evaluate N times per ray

R LT TITTTS

Density o
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Ray
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volume

L Network
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RGB Output

AdaNeRF: Adaptive Sampling for Real-time Rendering of Neural Radiance Fields. ECCV 2022.




I B EREANSE: ENeRF

- ERZAEAIEENZ R REAE, TEREHCREF

Efficient Neural Radiance Fields for Interactive Free—viewpoint Video. SIGGRAPH Asia 2022.



" i2ENeRFERR A B

1. FREREAEE: NSVF, AdaNeRF, ENeRF
2. BFEZERITERZA: SNeRG. PlenOctree. KiloNeRF., ObjectNeRF




I BREZAITERANEE: SNeRG

« PO EEIINIE:
1. {FMcached sparse 3D grid{REEMIRE,

2. JBENELEFEI3D texture atlas,

3. BEE/N\WNEILInview—dependent effect,

Standard NeRF Rendering Accelerated SNeRG Rendering

& Indirection
grid

Colors,

alphas H--
‘ inal
Final color Colors, features, d color

alphas

Baking neural radiance fields for real-time view synthesis. ICCV, 2021.



I BREZAITERANEE: SNeRG

{8 sparsity loss3E)&/J\sparse voxelstIEF 5.

(a) Frame rendered by our method. (b) Cross-section of (a).

I .—"‘V) >

(c) Trained without L. (d) No L, no visibility culling.

Baking neural radiance fields for real-time view synthesis. ICCV, 2021.



P BREZRAITERANSE

« {Espherical harmonics model}Z#EEifE,

: PlenOctree

 {£Foctree structureitvolume renderingdkidempty space,

(a) NeRF-SH Training
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Plenoctrees for real-time rendering of neural radiance fields. ICCV, 2021.




P BREZAITEEANSE: PlenOctree

- {§Fspherical harmonics modeliE &t

 {£Foctree structureitvolume renderingdkidempty space,

(a) NeRF-SH Training (b) Conversion to PlenOctree
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Plenoctrees for real-time rendering of neural radiance fields. ICCV, 2021.



P BREZRATEREANEE: KiloNeRF

NeRF : KiloNeRF

« PR EBYINER:
1. {FRE—H/NEMLPRMERTIZE,
2. {¥Mcached sparse 3D gridRFEENMNKRE .

0.02s

2548x faster

KiloNeRF: Speeding up Neural Radiance Fields with Thousands of Tiny MLPs. ICCV, 2021.



P BREZRATEREANEE: KiloNeRF

« PR EBYINER:
1. {FA—H/NEMLPRERTII=,
2. {¥Mcached sparse 3D gridRFEENMNKRE .

Method Render time | Speedup T
NeRF 56185 ms =
NeRF + ESS + ERT 788 ms 71
KiloNeRF 22 ms 2548

Table 2: Speedup Breakdown. The original NeRF model
combined with KiloNeRF’s implementation of ESS and
ERT is compared against the full KiloNeRF technique.

KiloNeRF: Speeding up Neural Radiance Fields with Thousands of Tiny MLPs. ICCV, 2021.



™ BEEZESITERARNEE: MobileNeRF

« EFmesh rasterizationfJi82L, XLIFGPUREFINE
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(a) Triangle mesh (b) Texture image (features and opacity) (c) Feature image

(d) Final output

KiloNeRF: Speeding up Neural Radiance Fields with Thousands of Tiny MLPs. ICCV, 2021.



® B RASMEAITEMA: 3DGS

- EF—A=gESHhRT IR, BT =HSE8Sposition, rotation, opacity
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3D Gaussian Splatting for Real-Time Radiance Field Rendering. SIGGRAPH 2023.
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https://3dgstutorial.github.io/3dv_partl.pdf
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B¥ NeRFilllgh®E 18

NeRF Plenoxels

mlnutes seconds

OO 00

Plenoxels: Radiance Fields without Neural Networks. CVPR 2022.



I® NeRFiZRR A

Plenoxel

NeRF

1 min 5 min 10 min

= S




B F#ENeRFIIZRR A B 15

Plenoxe

NeRF

P
5 min

WIZRE 7R

« 4
-
*

s
g



" peE = M E T SIS R A& B : Plenoxels

« {Fsparse 3D voxel gridsfF ==
- {FHERAopacity modelFlcolor model (%R S ZR AN IE R E

N 029029 09 Spherical

PSS O0PS 0PS i
e ( 206 204 204 Hamonics oy
o Predicted
© o . - o - 0 N Color
B - pe
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S o8 minimize L,econ + ALTV
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Plenoxels: Radiance Fields without Neural Networks. CVPR 2022.



B® Plenoxels®EEregularization technique

 Total variation loss:

_ b
V|

3 \/Ag(v, d) + A2(v,d) + A2(v, d)
veV
de([D]

Ly

No SHTV Noo TV No TV

Plenoxels: Radiance Fields without Neural Networks. CVPR 2022.
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Instant Neural Graphics Primitives with a Multiresolution Hash Encoding. SIGGRAPH 2022.
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P® Instant NGPR{t+4R

» {Fhash tabledffeature vectorfl— 1/ NEIMLPNE R R iF=.

(b) Frequency (c) Dense grid (d) Dense grid
[Mildenhall et al. 2020] Single resolution Multi resolution

| .
=Y

(a) No encoding
NV

tiny-cuda-nn

() Issues 192 11 Pull requests 3 (») Actions

411k + 0 parameters 438k + 0 10k +33.6 M 10k + 16.3M stars % 420 forks
11:28 (mm:ss) / PSNR 18.56 12:45 / PSNR 22.90 1:09 / PSNR 22.35 1:26 / PSNR 23.62

Instant Neural Graphics Primitives with a Multiresolution Hash Encoding. SIGGRAPH 2022.



B¥ Instant NGP/E4B&{Emodel size

« TRAEHEE: (1) Multi-resolution, (2) Hash table,

(b) Frequency (c) Dense grid (d) Dense grid (e) Hash table (ours)

(a) No encoding [Mildenhall et al. 2020] Multi resolution

411k + 0 parameters 438k + 0 10k +33.6 M 10k + 16.3M 10k + 494k
11:28 (mm:ss) / PSNR 18.56 12:45 / PSNR 22.90 1:09 / PSNR 22.35 1:26 / PSNR 23.62 1:48 / PSNR 22.61

Instant Neural Graphics Primitives with a Multiresolution Hash Encoding. SIGGRAPH 2022.



I BREZAIINGRAGER RS : TensoRF

- B=d#1p RERN—AHVTEN—AHO=

TensoRF: Tensorial Radiance Fields. ECCV 2022.
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B TensoRFHISER

« Synthetic-NeRF dataset_EAIEEIR

Method Device Training Time  Memory (MB) PSNR Initial LR
NeRF NVIDIA V100 1-2 days 6MB 31.01 5e4
DVGO NVIDIA RTX2080 Ti 15 mins 612.1 3195 0.1
Plenoxel NVIDIA Titan RTX 11 mins /78.1 31.71 30
Instant NGP NVIDIA RTX 3090 5 mins 50.4 33.18 0.07
Instant NGP's NeRF  NVIDIA RTX 3090 5 mins — 30.06 -
TensoRF NVIDIA V100 17 mins /1.8 33.14 0.02

TensoRF: Tensorial Radiance Fields. ECCV 2022.



" pe(E& % : IBRNet

« {EFfeedforward model=>]data prior

| "] Source view
i i Target view
4 JINM— <1 AT Volume Rendering
/ LU — > 01 o A
1MM—c f Ra M
> 2 0',2. y > 0, : :
] Transformer
o [[E—=¢3 fo3 o e o
LIL = —> 03 ray distance
A el T Rendering Loss
PO SRR g
[
B RN density feature f,;
MLP
color
%% image color ' viewing direction pred COlorgt

SRRSEEE image feature

IBRNet: Learning Multi-View Image—Based Rendering. CVPR 2021.



™ B REARE: MVSNeRF

- {&

feedforward model= >Jdata prior

AC
3D Conv
(,d, f,c) ||| (rGB.o)
| | \LP —
F===-0_ >
M ! ------- l Ray Distance
i 2
| [ <
: 2
: Render Loss
a) Cost Volume b) Neural Encoding Volume c) Volume Renderer

MVSNeRF: Fast Generalizable Radiance Field Reconstruction from Multi—View Stereo. ICCV 2021.



™ B REARE: MVSNeRF

 feedforward modelfddata priore] BADNE UK S

Synthetic Data (NeRF [31]) Real Data (DTU [20] / Forward-Facing [33])

Method Settings
PSNRT SSIM? LPIPS|  PSNRt SSIM?t LPIPS|
PixeINeRF [54] 739 0658 0411  1931/11.24  0.789/0.486  0.382/0.671
No per-scene
IBRNet [46] optimization 2244 0874 0195 26042179 0917/0.786  0.190/0.279
Ours 2362  0.897  0.176  26.63/21.93 0.931/0.795  0.168/0.252
NeRF10.05, [34] perccene 063 0962 0.093  27.01/2597 0.902/0.870  0.263/0.236
IBRNetsi—1.0n [40]  opimization 2562 0939 0.110  31.35/24.88 0.956/0.861  0.131/0.189
Ours £ 15min 27.07 0931  0.168  28.50/25.45 0.933/0.877  0.179/0.192

MVSNeRF: Fast Generalizable Radiance Field Reconstruction from Multi—View Stereo. ICCV 2021.
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- EF—A=gESHhRT IR, BT =HSE8Sposition, rotation, opacity
FSpherical harmonics Z %X,
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3D Gaussian Splatting for Real-Time Radiance Field Rendering. SIGGRAPH 2023.

https://3dgstutorial.github.io/3dv_partl.pdf
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¥ NeRFLZEBEAIZRNEE

* NeRFFIMLP network capabilityB R
» NeRFiG&camera rayRiF =% =, FHLbFiELEunbounded scene

R\
/3]

NeRF: Representing scenes as neural radiance fields for view synthesis, ECCV 2020.
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» NeRFEIMLP network capabilityg fR
« NeRFA%&camera ray RiE =4,
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NeRF: Representing scenes as neural radiance fields for view synthesis, ECCV 2020.




" 2it1HRERTR: NeRF++

| I:
HX
ct

e NeRF++i%E T —4

3, EEERETHISHSREGE, 71

N,

T—HIKEERT R

B

{(z,y,2) : VX2 +9y2 + 22 =1}

Nerf++: Analyzing and improving neural radiance fields. arXiv 2020.



B IBFERIRIARESN : MegaNeRF

 WJRIG=X DN —AHXE, BTHEH—TMLP network®R /R

-
&
z->mum-
' i

Training: Data Partitioning

N
-

Inference: View Synthesis

Mega—-NeRF: Scalable Construction of Large—Scale NeRFs for Virtual Fly—Throughs. CVPR 2022.
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" RFERRIABES: Grid-NeRF
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Grid—guided Neural Radiance Fields for Large Urban Scenes. CVPR 2023.



B ETFRRISTEN S AEEN R E

Plane—based method Ground truth

Grid—guided Neural Radiance Fields for Large Urban Scenes. CVPR 2023.
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" RFERRIABES: Grid-NeRF
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Grid—guided Neural Radiance Fields for Large Urban Scenes. CVPR 2023.



" RFERRIABES: Grid-NeRF

Plane—based method Full method Ground truth
Grid—guided Neural Radiance Fields for Large Urban Scenes. CVPR 2023.
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- EF—A=gESHhRT IR, BT =HSE8Sposition, rotation, opacity
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3D Gaussian Splatting for Real-Time Radiance Field Rendering. SIGGRAPH 2023.
https://3dgstutorial.github.io/3dv_partl.pdf
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BARF (ours)

HirZRcamera poses518
WHIZMMAEE R, EENeRF,

f ames

Z > _[[Zw;pi €) ~Zi(w

‘ RGB
P1; pr, (rendered) pose are m

. 3D scene representation
3D scene representation . '
+ registered camera poses

BARF: Bundle—Adjusting Neural Radiance Fields. ICCV 2021.
https://chenhsuanlin.bitbucket.io/bundle—adjusting—-NeRF/poster.pdf



B® Positional encoding¥tPosefi ft, & 82

f1(x)
...00' fL(x)=fi(x)+c f{
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o -
O\% O /o/
input3D g E , s C collor(RGB) : . . -
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RegNeRF: Regularizing Neural Radiance Fields for View Synthesis from Sparse Inputs. CVPR 2022.
file:///Users/pengsida/Downloads/regnerf_poster.pdf
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SinNeRF: Training Neural Radiance Fields on Complex Scenes from a Single Image. ECCV 2022.
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Differentiable Volumetric Rendering: Learning Implicit 3D Representations without 3D Supervision, CVPR 2020.

Multiview Neural Surface Reconstruction by Disentangling Geometry and Appearance, NeurlPS 2020.
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MonoSDFRIZ R

VoISDF [81]

+ Monocular Cues

ST
s

; =

R ScaNét (464 views Tanks & Temples (298 iews)

MonoSDF: Exploring Monocular Geometric Cues for Neural Implicit Surface Reconstruction. NeurlPS 2022.

DTU (3 views)



SHIERPE&R2: KARIZFENER

X, SHNeuSEZiEKE

JT]

Neu
EE]

[ )
Tull}
(I

\l/

far

near /

Sphere-based sampling

Neural Reconstruction in the Wild. SIGGRAPH 2022.



r Neural Reconstruction in the Wild

 Xl|Fsurface—guided sampling>Rie H EZEIEE

far

surface
position

Sphere-based sampling W__/

Hybrid sampling

Neural Reconstruction in the Wild. SIGGRAPH 2022.



B® Neural Reconstruction in the Wildi9& 8

¥

S, v Pl 4

T T

Credits: Flickr
Brandenburg Gate

Neural Reconstruction in the Wild, SIGGRAPH 2022.



B® Neural Reconstruction in the Wildi9& 8

 lafee

e \Q‘\*'ég__

~ W
28 y
VI
' "(&a- % ) E=onl
— C— Y

T
4 — e = =
> —— §

:,,);\‘ -

Credits: Flickr . )
Trevl Fountain

Neural Reconstruction in the Wild, SIGGRAPH 2022.

v
\

' d
F3Ld %



B” NeRFEIGHIERES: NASERER

NeRFERFSIZRIER LB 0)E







" 258 1%: Semantic NeRF

 {FHNeRFEI/MI—Tsemantic label

Volume Density (o)

K
S(r) =) T(tx) (o (ty)dy) s(te)
k=1

I—l Semantic (s)

RGB (c)

PE(x,y, z)

. Posmon. Weights ;
.- view [l] Output ' PE(6, ¢)
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Neural LiDAR Fields for Novel View Synthesis. ICCV 2023.
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Nerfies: Deformable neural radiance fields. ICCV 2021.
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Efficient Neural Radiance Fields for Interactive Free-viewpoint
Video
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ABSTRACT

This paper aims to tackle the challenge of efficiently producing
interactive free-viewpoint videos. Some recent works equip neural
radiance fields with image encoders, enabling them to generalize
across scenes. When processing dynamic scenes, they can simply
treat each video frame as an individual scene and perform novel
view synthesis to generate free-viewpoint videos. However, their
rendering process is slow and cannot support interactive applica-
tions. A major factor is that they sample lots of points in empty
space when inferring radiance fields. We propose a novel scene
representation, called ENeRF, for the fast creation of interactive
free-viewpoint videos. Specifically, given multi-view images at one
frame, we first build the cascade cost volume to predict the coarse
geometry of the scene. The coarse geometry allows us to sample
few points near the scene surface, thereby significantly improving
the rendering speed. This process is fully differentiable, enabling
us to jointly learn the depth prediction and radiance field networks
from RGB images. Experiments on multiple benchmarks show that

zhenx@zju.edu.cn
yanyz@zju.edu.cn
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Zhejiang University, China
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