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Outline

e What is NeRF?
« NeRF

* Prior Knoledge
- Dynamic Scene Novel View Synthesis — Neural Scene Flow Fields
- Image Based Rendering — IBRNet
- Combining the two representation — NeRF in the Wild

« DynlIBaR: Neural Dynamic Image-Based Rendering
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NeRF[ECCYV 20]

e Over view of NeRF
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NeRF[ECCYV 20}

« Calculate ray
- FFH[2FS| Li/2| F I2t0[H &2&
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NeRF[ECCYV 20]

« Calculate ray
- Ray
-Ray2t & pixelS 2 F E X <f(real space) 2 WO Livt= 5 22T
s:r(t) =0+ td
vo: ZHH 2t2| 2| X|(translation), d: viewing direction
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Neural Scene Flow Fields[ICCV 21]

« NSFF
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Neural Scene Flow Fields[ICCV 21]
« NSFF

- Scene Flow

MC-Flow (TV)
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Neural Scene Flow Fields[ICCV 21]

 NSFF
=« NeRF vs NSFF
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Neural Scene Flow Fields[ICCV 21]

* NSFF
A 7|EL R A o e B =2 color, density 1124
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Neural Scene Flow Fields[ICCV 21]
* NSFF
- Disocculusion weight
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Neural Scene Flow Fields[ICCV 21]
« NSFF

- Disocculusion weight

(a) Our rendered views
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Neural Scene Flow Fields[ICCV 21] (x +Ax,y + 8y, 7 + A7)

- NSFF /‘

- Scene Flow Priors o
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IBRNet[CVPR 21]

» IBRNet: Learning Multi-View Image-Based Rendering

- Neural Rendering 0|74 2| Image Based Rendering (IBR)
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IBRNet[CVPR 21]

» IBRNet: Learning Multi-View Image-Based Rendering
- IBRNet
-7|E9] I1BR 2 B 1t NeRFO| Al AHE &|+= neural rendering2f 21 2t
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NeRF in the Wild[CVPR 21]

* NeRF in the Wild: Neural Radiance Fields for Unconstrained Photo Collection
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NeRF in the Wild[CVPR 21]

* NeRF in the Wild: Neural Radiance Fields for Unconstrained Photo Collection
- Static 2 A 2f transient@ 2= L2 dlH 2

-2 dfgst @A =2 225t £F 0|0|X| MM
S seatic AN Lipansient

-UncertaintyS O|&05}0| & O[O X[Q| 7t& K| A4t
Wstatic and Wiransient
- Uncertainty 7t =2 S92 7t8X[7H A0 22 Y92 AHE

-dIf 2=l & O|0|X| & 75 E oo £[F O[O0 X| 244

Ifinal - (Wstatic X Istatic T Weransient X Itransient)/(wstatic + Wtransient)

(a) Static (b) Transient (c) Composite

R B THSED VDS

SOGANG UNIVERSITY 17



DynIBaR:Neural Dynamic Image Based Rendering

 Introduction

- Dynamic Scene Rendering
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A

 Introduction

DynIBaR:Neural Dynamic Image Based Rendering

- Problem setting

-Long time duration

2:HIC| 2] AO|7hH| X 71 H2(2f 305)0f| = MZ2=2 AlH 2hd
- Unbounded scenes
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-Uncontrolled camera trajectories
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—Fast and complex object motion
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DynIBaR:Neural Dynamic Image Based Rendering

 Introduction
» Dataset

-Dynamic Scene Video
MotionZ X| E S &!0|= THet 7t 2t 2 & Fot H|C| 2

v'Nvidia Dynamic Dataset, UCSD Dynamic Scenes Dataset(30s~1m)
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DynIBaR:Neural Dynamic Image Based Rendering

 Introduction

» Dataset
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DynIBaR:Neural Dynamic Image Based Rendering

* Methods

- Dynamic Image-Based Rendering
- IBRNetd} FAFSHA| source view2| featureS HE 2 0f 0|2

;= Dynamic sceneOi| CHSH epipolar geometry M-8 =7}

;= Target viewOl| CHSF motion trajectory=S 3= S source view2| featurE aggregation
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DynIBaR:Neural Dynamic Image Based Rendering

 Methods
- Motion trajectory fields
& £/ 0] X| = basisE motion trajectory E& 0] Y HO| SAQAZ &

= Motion trajectory Tx ;(j) = Xi=1 h';d!,(x)

rot

v Trajectory coefficients {¢p!}r_,
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vMotion basise= 2 & H|LC| 22| time stepOf| CHSH E& 7t

D Source View
D Target View
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,0i(t))
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DynIBaR:Neural Dynamic Image Based Rendering

* Methods

- Cross-time rendering for temporal consistency
- Dynamic sceneOf| CH St rendering =& A| A|ZHO]| CiSE QIARA S NE{dl= A0 52
s AlZHE D e{5EX| Qi A 2 Fl O 0| X|2HE H| e B % train image0f| 2H{ I| &
- AlZHOf| 2 221 0| 112 &|+= Motion trajectoryS O|- %t lossE A A 510 x| X 3}
Lpho = X Xjen iy Wi-i(Mp(Ci (1), G (1))
vp: RGB Loss
~-NSFFO| A Scene FlowS 1215} 2 Lt DynIBaROf| motion trajectory & &
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Neural Dynamic Image Based Rendering

DynIBaR

* Methods

- Combining static and dynamic models
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DynIBaR:Neural Dynamic Image Based Rendering

* Methods

- Combining static and dynamic models

=™ ZHZ 1245t7| 23 target viewl| F=H A== source views 0|8 4 EH 2l
NEH YHS HEHE 517|0f Z25HK s
SR YN HHOI Y| MECHE §Eo = Qlsf 2tz itz A T
MR FH HAMOl FHE ME A 2 NeRF in the Wild 0| A AFE St

combining =&
vPhotometric lossE terms CHA| 9| 7t

VLpho = Xr Xjen(i) Wi (r)p(C;(r), €T (1))

. (7ML, static conten2| color €5t 2F dynamic content2| color €5t 7} ZAg} &l HEf

HL- O
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DynIBaR:Neural Dynamic Image Based Rendering

* Methods

- Image-based motion segmentation
_XMAO| AHH EMO| XAtHES 1

£23517] 2|3l segmentation mask H-&
= Segmentation mask= &% X2 FO0M X2 FHM XL FHS FE0tL, 0[5

0|85t O Lt2 M+ Z2f
::Omnimatte[CVPR 2115 &-83}0]
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DynIBaR:Neural Dynamic Image Based Rendering

* Methods

- Total Loss
-L = Lpho + Linask + Lreg
5t Lyeg: regularization loss

vNeural Scene Flow FieldsOf| A] A& %t depth 7]t loss, optical flow 7|t loss, cycle
loss7} Efo| & HEH 2 O] FO0%
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DynIBaR:Neural Dynamic Image Based Rendering

* Methods

- Combining static and dynamic models

N x 21 {f""} from the other samples

—b weighted
,},(3') pooling : I_’ Ray
Transformer
E -
|

1x128

1€ 5ame ray

MLP
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on the same ray

o v B

T ;

. v(x)

%35 Nx128 Nx1

@ concatenation ® element-wise multiplication @ element-wise addition

M;P |—>©—>—> C;

7 3 N x33 '}’(d)

N x 27

© concatenation @ element-wise addition ® element-wise multiplication

7

f* source view feature 0 element-wise mean uf{fJ} v  clement-wise variance of {f‘,} Ci source view color 7

f; source view features b element-wise mean of {f; } 2 clement-wise variance of {f; } u;';. pooling weight
N x 66 {f""} from the other samples {o,w} of the other samples
on the same ray on the same ray
weighted Ray J K
- MLP ! ds
pooling Transformer ensity @
1x128 —l
s O—[ur |
f;; Ad; /
* 1 ’ Nx1 Nx3
i nov f?- wj
N x134 ) X
Nx128 Nx1

c
wf (o
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DynIBaR:Neural Dynamic Image Based Rendering

* Results

- Nvidia datasetOf| Cier Z1f H|

"

Our rendered views DVS HyperNeRF NSFF Ours GT

Methods Full Dynamic Only
SSIMT PSNRT LPIPS| SSIMtT PSNRT LPIPS|
Nerfies [49] 0.609 20.64 0.204 0.455 17.35 0.258
HyperNeRF [50]  0.654 20.90 0.182 0.446 17.56 0.242
DVS [19] 0.921 27.44 0.070 0.778 22.63 0.144
NSFF [35] 0.927 28.90 0.062 0.783 23.08 0.159
Ours 0.957 30.91 0.027 0.826 24.31 0.062
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DynIBaR:Neural Dynamic Image Based Rendering

* Results
- UCSD dataset®f| CHoF A1t H| !

o
Our rendered views DVS HvnerNeRF NSFF
Methods Full Dynamic Only
SSIM{ PSNRT LPIPS| SSIMT PSNR{ LPIPS|
Nerfies [49] 0.823 2432 0.096 0.595 18.45 0.234
HyperNeRF [50]  0.859  25.10  0.095 0618 1926 0212
DVS[19] 0.943 30.64 0.075 0.866 26.57 0.096
NSFF [35] 0.952 31.75 0.034 0.851 25.83 0.115
Ours 0983 3647 0014 0909 2801  0.042
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DynIBaR:Neural Dynamic Image Based Rendering

* Results
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DynIBaR:Neural Dynamic Image Based Rendering

* Results

- Limitation and feature work
- 0§ Z! rendering2} optimization A|Zt
::A100 GPU 8CH & O| 850 2& 7t ot
:: A100 GPU 4L = O| &5t 8A| Lt inference
7k C}

s=Voxel 7|8t B3 0t A2HSH0] training/inference A 7H EHE EHe
-CfZE M Hheko| A|E el 4% 2 F&0| X5t
s+ 05 2bEl GIO[E| 7|8t priorE A& St+= canonical space-based method?t 28 2
_Source viewO| A 23} 20| HO|X| Yo ™ B2 = ZH XTI H|SAA
=ZotA| Y2

;- AHF™E © 2 571 0| 2HO| source viewl| % S &£

M EH OF

S
=0 ZEEO| A E ZIHE F£ Source view ME Y| F0f CHSH A EHQ

o
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