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NeRF: Representing Scenes as Neural Radiance Fields for View Synthesis. 2020 ECCV paper

— NeRF': Representing Scenes as Neural Radiance Fields for View Synthesis

Positional encoded-
3D position vector ™
607" 60

+ a

8 layered MLP

Positional encoded-

3D position vector 7(:)—» 256 —» 256 —> 256 —> 256 —> 256 —> 256 —> 256 —> 256 256 —> 128 ---» RGB
607H
. 2D viewing
@ directional vector
247
o =
HE23 & sampling 4

(1) Batch 40967l Zt ray = coarse (N.=64) to Fine (Nz=64+128=192) S £ & 64+(128+64)=256/}
sampling %
(2) High frequency 2= 2[5l positional encoding X -&

SHE MEYO QoA 2 AL QnHA EIY He SEF MEY X E Of= HR22
Réi &l 8k VDS
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HH 7°:| x I ==1 — NerfingMVS: Guided Optimization of Neural Radiance Fields for Indoor MVS

NerfingMVS: Guided Optimization of Neural Radiance Fields for Indoor MVS. 2021 ICCV paper

adapted depth priors rendered depths

sparse depth

I

[
. IS

supervise

confidence scores

multi-view images rendered RGBs

COLMAP sparse depth supervising

Scale-invariant loss : scale factor a (D%, D: X 25tO 2 W scale-invariant finetuning & A|
Sparse

(X2

o 1 . .
L(D;)JD.ZS'parse) :_Z“OgD;J(J) *logD?S'parse(j) 1 . .
" Jj=1 (1)2 .S'pa’rse) - E Z(log D;)(.]) - logD;ZS'pa'rse(j))

+ Q(D;ﬂ gparse)'? !
R B THSED VDS
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weight

e A
ol 23 1 low error
depth W multi-view ; ) @ depth priors
(a) rendered RGB (b) sampled points consistencyp S ¥ 1igh error surface points
’- check 3 e sample points
P
V/' /.
’/
- -

(c) rendered depth (d) GT depth adapted error maps
depth priors

Geometric-consistency check-based error map(e)
Adaptive depth prior& O|-&3dl source (j) to target (i) Al 2| reprojection error7| 22 =9 2
K7H2| projection error B= F[5}0 error map (e) &8

1—] 1—7 __ . 1—] 7 .
p, DT = proj (K, T, DY) Depth prior from N input view —>{D‘}§V=1
DI = DI (pi—d), Error map from each view— e;

PUszusa | VDS \
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groud truth depth value
sampled depth value

weight

000 { el

w2
depth

(a) rendered RGB (b) sampled points

adapted
depth priors

(c) rendered depth (d) GT depth

textureles — regionO| Al deviationO| &

NeRF-based uniform sampling

 — 1
ti ~U tn+’£7

7
M (tf _tﬂ)a tn"’ﬂ(tf_tn)

tn = D(1 — clamp(e, ay, ) a;: Lower bound of range

ty = D(1 + clamp(e,ay, o)) @n: higher bound of range

A g d Rk
SOGANG UNIVERSITY 6
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— NerfingMVS: Guided Optimization of Neural Radiance Fields for Indoor MVS

> A
L 1 low error .
multi-view : ® depth priors
consistency [ 7 & high error surface points
check 3 e sample points
——-
Y
v s /.
i
-
.

error maps

M

C(r) = ZTi(l —exp (—0id;))c;
Iy

D(r) = ZTi(l —exp (—0id;) )t

5j)

T; =exp (— Z;;ll 0
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HH 7o:| xI ==1 — NerfingMVS: Guided Optimization of Neural Radiance Fields for Indoor MVS

. T T

RGB

NeRF | 9P 1 o | AbsRel | SqRel | 6 < 1.25
priors
T ——— -
: ; 3 2 v 0.067 | 0010 | 0.960
SEMEESEE | .
V 7 v | v || 0065 | 0.000 | 0966
‘ v v 0.053 | 0.006 | 0979
ERERENI NG LALR
Method Abs Rel | SqRel | RMSE | RMSE log | 6 < 1.25 | 0 < 1.252 | 6 < 1.25°
COLMAP [13,44] || 04619 | 0.6308 | 1.0125 | 1.7345 | 04811 | 05139 | 0.5333
ACMP [58] 0.1945 | 0.1710 | 04551 | 03056 | 07309 | 0.8810 | 0.9419
DELTAS [43] 0.1001 | 0.0319 | 0.2070 | 0.1284 | 0.8618 | 0.9920 | 0.9991
Atlas [34] 0.0776 | 0.0631 | 0.2441 | 02693 | 09289 | 09536 | 0.9594
DeepV2D [50] 0.0818 | 0.0226 | 0.1714 | 0.1095 | 09414 | 09908 | 0.9979
NeRF [27] 03929 | 1.4849 | 1.0901 | 05210 | 04886 | 0.7318 | 0.8285
Mannequin [23] 0.1554 | 0.0636 | 0.2969 | 0.1806 | 0.7859 | 09735 | 0.9953
CVD [29] 0.0995 | 0.0304 | 0.1945 | 0.1269 | 09008 | 09879 | 09971
Ours w/o filter 0.0635 | 0.0145 | 0.1455 | 0.0936 | 09541 | 09910 | 0.9989
Ours 0.0614 | 0.0126 | 0.1345 | 0.0861 | 09601 | 09955 | 0.9996

R 447 CH 8k
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Al
H 7o:| xI ==1 — NerfingMVS: Guided Optimization of Neural Radiance Fields for Indoor MVS

K | o ay, AbsRel | SqRel | RMSE | RMSElog | § <1.25 | § < 1.25% | § < 1.25
2 10.05 ] 0.15 0.055 0.006 0.083 0.075 0.977 0.998 1.000
8 |1 005 | 0.15 0.054 0.006 0.084 0.074 0.979 0.999 1.000
4 100103 0.054 0.007 0.087 0.080 0.971 0.997 1.000
4 1005 0.3 0.055 0.007 0.087 0.079 0.976 0.998 1.000
4 1001 | 0.15 0.053 0.006 0.083 0.075 0.980 0.998 1.000
4 1005 | 0.15 0.051 0.005 0.076 0.069 0.987 0.998 1.000
SHA 9 DA AFSH

1) Batch 102471 2| raye 6471 sample & — 7| = NeRF Of H|3l| 3Hl| &t &

2) Coarse to fine H{[E 3 AFESHA| R0 MLP 1P NeRFR} St X2 ALE

3) ScenedtCt M E K, ;, ay ¢4= =28 St= A0 &2

4) L& geometric structures & HF B ot scene Of CHSH A 2F inferenceE & AlSH PSNRO| =&

7t5°d0| LS ex) 87H scene E# PSNR : 3155
L Ol MBS £ ZSTHO|M SHA 7 EXYstn, MEFE O 2 geometric structure BFE 0| 2F st
R AT THBED VDS
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20223 Depth Prior-NeRF &
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» Dense Depth Priors for Neural Radiance Fields from Sparse Input View. CVPR 2022

 DONeRF: Towards Real-Time Rendering of Compact Neural Radiance Fields using
Depth Oracle Networks. Eurographics Symposium on Rendering (EGSR) 2022

Dense Depth Priors for NeRF estimates depth using a depth completion network run on the 5fM

point cloud in order to constrain NeRF optimization, yielding higher image quality on scenes

with sparse input images. (pdf

Depth-supervised NeRF also uses a depth completion network on structure-from-motion point

clouds to impose a depth-supervised loss for faster training time on fewer views of a given

scene, (pdf

leRF penalizes the NeRF overfitting ray densities on scenes with limited input views through
ray entropy regularization, resulting in higher quality depth maps when rendering novel views.

eRF focuses on view-consistency to enable view extrapolation, using two new techniques:

random ray casting and a ray atlas. (pdf)

ReghleRF enables good reconstructions from a view images by renders patches in unseen views

and minimizing an appearance and depth smoothness prior there. (pdf)

- EEET

GeoMNeRF uses feature-pyramid networks and homography warping to construct cascaded cost

volumes on input views that infer local geometry and appearance on novel views, using a
transformer-based approach. (pdf

ght Field Neural Rendering uses a lightfield parameterization for target pixel and its epipolar

segments in nearby reference views, to produce high-quality renderings using a novel
Best Paper Finalist

transformer architecture. (pdf)

AM builds upen IBRNet and NeRF to implement burst-denocising, now the standard way of

coping with low-light imaging conditions. (pdf)

leRFusion first reconstructs local feature volumes for each view, using neighboring views, and
then uses recurrent processing to construct a global neural volume, (pdf)

https://dellaert.github.io/NeRF22/?fbclid=IwAR3alWY QXbegQpQajL AKqRbmy3mGQZcdgJnHAI6b6dWwawZydgHStvptg&fs=e

&s=cl

ﬂ B THEED
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https://dellaert.github.io/NeRF22/?fbclid=IwAR3aIWYQXbegQpQaj-LAKqRbmy3mGQZcdgJ-nHAl6b6dWwawZydgHStvptg&fs=e&s=cl

Dense Depth Priors for Neural Radiance Fields from Sparse Input Views

Input: Multi-View RGB

b g . e
cat ety . ~
AP .
L AR . N
- e | - l..

'RE

o 4"”‘
i:

NeRF . NeRF with Sparse Depth

SfM 7| 2t depth prior2| A & 71 M

1. Sparse depthi= noisy outlier7} 2! 0 dense depth map

#a ‘f{‘ é"‘: Point Cloud .-

Novel View Depth Error _ Novel View Depth Error

Depth
Completion

Dense Depth & Uncertainty

Novel View

Depth Error

NeRF with Dense Depth & Uncertainty

g )\| )\|7H C} X—Igl-Ej'- |_-_|-E

> EME ncertainty 2 fl_ 20| 2 — ResNetZ 0|83}0] dense depth(Z{*™¢) X! pixel-wise

standard deviation (S;) =&
2. Point cloud2| density 7} *l’é* 42 OIS

>  Convolutional Spatial Propagation Network (CSPN)O|&

X2| — dense depth2| C|H| 0| & &0I/AZ

R AW THEE D

SOGANG UNIVERSITY 10
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Dense Depth Priors for Neural Radiance Fields from Sparse Input Views

Dense Depth & Uncertainty

adapted depth priors rendered depths Input: Multi-View RGB P Point Cloud
— £ Tt
’” 5

_— s —
¢ - Sparse Depth N
) S

Depth
Completion

Depth Error

~ Novel View Depth Error

~ Novel View Depth Error

Novel View

E |

NeRF NeRF with Sparse Depth NeRF with Dense Depth & Uncertainty

['OI-

1. NerfingMVSE tralnlng 'i' test 25 COLMAP O| A Z=Z3t sparse depthE A& 50

test A|Of| = sampling # 2| S finetuningst T34
> PSNR AtA|= scened] 2} =S 5= AS

2. BtH St 2R training Ol 2t sparse depth= A& SHL, test Ol = COLMAP SfM
sampling= 2 SHX| &
> PSNR XtA| = scenelf| 2t &S = U S

R B THSED VDS

SOGANG UNIVERSITY 11



Dense Depth Priors for Neural Radiance Fields from Sparse Input Views

Dense Depth\ Radiance Field Fp,
& Uncertainty "

z(r)

Depth & RGB
F J‘
y s(ﬂz)
, (# ( .
Volume

’f Rendering 2=

=) (ﬁcolor(r) & )\ﬁdepth(r))

Multi-View RGB ™ reR

Depth completion network &

2124 sparse depth mapO| sensor depth(GT depth) scale H |0 =0 S5 ZQ =Y
— SIM Ol A ==& EFE I 5 Y X0 A GT depth sampling — Gaussian noise 5 O
Negative-log likelihood of gaussian loss & 2
N(Oa Snoise(z) )
1 o (z; — 2 )’
E — 10 82- _|_ ¥ sensor,j
%o n 3:21 ( g( j) Sf ) Z;: predicted depth of pixel j

S;: standard deviation of pixel j
Zsensor- S€nsor depth at j

n HAWTHE n: number of valid pixels VDS

SOGANG UNIVERSITY 12 LaB



Dense Depth Priors for Neural Radiance Fields from Sparse Input Views

Dense Depth

Radiance Field Fp,
& Uncertainty

Depth & RGB
I I /'u
Volume '

Rendering _2=

.
"
.
Py

= > (Leotor(r) + AMacpun(r))

Multi-View RGB ™ reR

Sampling 7| & 27§ (1)
H

Depth priorét= &5l 244 =l rendering weightE HF B A MZ22 2(r), 3(r) ‘8’d = sampling

K
K K = Zwkcka
zZ(r) = Z’wktk \ §(I‘)2 = Zwk(tk — 2(1‘))2 k=1
k=1 k=1 where  wy = T}, (1 — exp(—oxdi))

k—eXp( Zﬁkak)
R HAB U D Ok = tht1 —ty. VDS

SOGANG UNIVERSITY 13 LaB



Dense Depth Priors for Neural Radiance Fields from Sparse Input Views

55 Y Dense Depth Radiance Field Fp,
Moo ok e & Uncertainty
Point

Sparse Depth
F I NS 2%

Depth & RGB
I I ,11
Volume

Rendering _2= g

Ala S

.
o*
o
P

= Z <£color(r) + Aﬁdepth(r))

Multi-View RGB ™ rcR
Sampling 7| & 27l (2)
1) Training: sampleS 2| & Et2 uniform sampling , LIH X| B HE2 gaussian sampling

— depth prior 7| 22| gaussian sampling :* A'(z(r), s(r)?)

2) Testing: predicted depth 7|2F2| gaussian sampling : ' V' (2(r), 3(r)?)

R AW THEE D VDS

SOGANG UNIVERSITY 14 LaB



Dense Depth Priors for Neural Radiance Fields from Sparse Input Views

o MLE of Gaussian negative log-liklihoodO| 2t?
Total Network 25 & : 2
N 2
o 1 2 1 (xn o M)
e 3 (~ pouceeet - 1 (22520))
£(—’)1 — (ﬁcolor (I‘) + )\ﬁdepth(r)) N , N 1/ (zn — u)z
s \ = —?log(zﬂ'a )+ 2 5( 2 )
N 1 <
— —?log 271'0‘ ~ 2.7 Z::
Color term: Mean Square Error (MSE) Depth term: Gaussian negative log-likelihood
. log (3(r)?) + GE=2)” ¢ p
Leoor(r) = | E(x) — C)3 Laepun(r) = { og ($()*) + =g i Por@
otherwise,

where P
Depth term: casel or 2 = & SFLTH BFE A Q = 3(r) > s(r).
Casel: predicted depth- target depth > standard deviation
Case2: predicted standard deviation> standard deviation

R B THSED VDS
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Dense Depth Priors for Neural Radiance Fields from Sparse Input Views

NEEE PR
1) Batch 102471 2| ray & 25670 2| sampling &I 2H

2) 7| & NeRF (40967l rayZ 2567H sampling)Ofl B[S HLHEF2 =
NerfingMVS (10247} ray 6474 sampllng)J-f Hl W SHH AHAZF ZhA
A

3) Coarse to fine T+ = AFEOHA| @10, SHEHO| MLP

> I3

TECERSL
1) St X| 2t &2 2FO|(18-20 train, 8 test) G| O| E{ 2 room scaled-renderingO| 75 &
— NeRF= room-scale datasetO| OF I Of| = &[4 25%- 100 2R
— NerfingMVS= ol & 20| M F 2ot oA 7L AR S
a. 2= scene2| COLMAP sparse input 2 2
b. Error map2 2 & sceneOf| CH8HA 718t =

El
o+

102 FMCH= H O A depth range 27 = XY

0

2) Inference A| Ol COLMAP sparse input 282 9IS

R AT THBED VDS
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Dense Depth Priors for Neural Radiance Fields from Sparse Input Views

e,
.

i

* ‘4

. = 9 Wi
I J i b b 1y

- l ¢ ' . ?11

NN

" v

B

\

f U
P

Ve

-
E@
]
E\

- = -
! A
\ a
P .
Y ol
| W
T \ e . 1
\ I 4 | - L
R B "
i §
2 S 13 v
i 1 .
i i
N ‘. 3

£

ar8
1)
oL
-

gﬂ.j
SRR

|

Ours w/o Ours w/o Ours w/o GNLL Ours w/o Latent Ours Ground Truth
Comnletion UIncertaintv Code

L \G
B 4
=

NeRF [21] DS-NeRF [ 1] NerfingMVS [26] Ours Ground Truth

ScanNet 21} Matterport3D Z 1}

PUszusa |VDS \
6 SOGANG UNIVERSITY 17 e



Dense Depth Priors for Neural Radiance Fields from Sparse Input Views

Method scene 0616 scene 0521 scene 0000 scene 0158
PSNRT SSIM{ | PSNRT SSIMT | PSNRT SSIMt | PSNRT  SSIM+
NSVF[25] || 1571 0704 | 27.73 0892 | 2336 0823 | 3198 0.951
SVS [40] 2138 0.899 | 27.97 0924 | 2139 0914 | 2943  0.953
NeRF[33] || 1576 0.699 | 2441 0871 | 18.75 0751 | 29.19  0.928
Ours 18.07 0.748 | 28.07 0901 | 22.10 0.880 | 30.55  0.948 Method PSNR T SSIM* LPIPS |
Method scene 0316 scene 0553 scene 0653 scene 0079 NeRF [33] 28.62 0.909 0.319
PSNRT SSIM{ | PSNRT SSIMT | PSNRT SSIMT | PSNRT  SSIM? Ours 31.55 0.942 0.200
NSVF [25] || 2229 0917 | 31.15 00947 | 2895 0929 | 2688  0.887
SVS [40] 2063 0941 | 3095 0968 | 2791 0965 | 2518  0.923
NeRF[33] || 17.09 0828 | 30.76 0950 | 30.89 0953 | 2548 0.896
Ours 20.88  0.899 | 3256 0965 | 3143 0964 | 2727 0916 _
NerfingMVS: scene 87H 2 & H7}
NerfingMVS vs X|QF 7|2 H| Depth
N Method PSNRt  SSIMt LPIPS| RMSE |
OOl M2 25 ScanNet2 2 T NeRF [21] 19.03 0.670 0398 1.163
9 = DS-NeRF [10] 20.85 0.713 0.344  0.447
(1) Scened| 2} SEA Z1F XtO| E=XY NerfingMVS [26] 16.29 0.626 0502 0.482
(2) K| 9F7| 0| room M A reconstruction 7Hs Ours w/o Completion  20.43 (22.10) 0.707 0.366 0.526
Ours w/o Uncertainty ~ 20.09 (22.21) 0.714 0.308 0.279
Ours w/o GNLL 20.80 (22.23) 0.733 0312  0.275
Qurs w/o Latent Code  20.87 0.726 0.293 0.243
Ours 20.96 (22.30) 0.737 0.294 0.236

IO 7|t scene 37 X =7}

A g d Rk
SOGANG UNIVERSITY 18
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DONeRF: Towards Real-Time Rendering of Compact Neural Radiance Fields using Depth Oracle Networks

View cells: 54 bounding box 2H0|A 578 &
Lo 2= viewrays Z&E = U&= &L QO

Why? Z2 ®2|9| depth rangeE #= HIO|H
Aoj| CHa ZFeEAIE 2Hd 2 SH7] 2IsiAM

R B THSED VDS

SOGANG UNIVERSITY 19



DONeRF: Towards Real-Time Rendering of Compact Neural Radiance Fields using Depth Oracle Networks

A

Ray )
Unification
\ >

Non-Linear Sampling Space
Depth Oracle Warping
Network
= depth2 H

Without unification

With unification

A g d Rk
SOGANG UNIVERSITY

20

Local
Shading
Network

=

View cell@| 2| E 0| CtZH = 2 Hf2} E4S

[, Z2ray Ma MEE=
Z2 depth7}
view cell 2| 20 2% sphere & X|

El A O
EI_I_NI\

VDS

LAB



DONeRF: Towards Real-Time Rendering of Compact Neural Radiance Fields using Depth Oracle Networks

Ray | | Non-Linear \ Sampling Space | Local
Unification Depth Oracle Warping Shading
Network Network

= e €3 il

Non-linear depth sampling

1) Uniform sampling : = 2ot 7t 2 2 depth sampling T
X(di) =o0+d;-r

d — ( mzn"‘ (dmademin)), l: [0,1,2,"' 7N]3

2) Non-linear sampling (logarithmic): 7t77t0| = 74 dense, H 2| A= 7 sparseStA| log sampling

log(d; — dpmin+ 1)

1 min 10g(dmax— min+ 1)

(e — o) £(d;) = encode (M) |

dmax

R BTN VDS

SOGANG UNIVERSITY 21 LaB



DONeRF: Towards Real-Time Rendering of Compact Neural Radiance Fields using Depth Oracle Networks

@® uniform local ® |ogarithmic local ® |og+warp local ® NDC local
m uniform = logarithmic = log+twarp = NDC

32 1

30 +
28 +

w26+

=

£ 24
22 +
20 +
18 1

_ o 16 +— — : : . : :
(a) uniform (b) logarithmic (¢) log+warp 2 4 8 16 32 64 128

Number of Samples N

Non-linear depth sampling

3) NDC(Normalized device coordinate) sampling trﬁr:;r;?m

7|Z NeRFO| A forward-facing = Al G| O & A0f| H-ESt7| 2|0l 7HHIEL 7| & =& — 7| & FE ZE [-1,1]3

4) Space Warping (log+warp) : 7}77}0] S’iE 4 dense, E 2| A= A sparseStA| log-space sampling

E[ O] foreground 0| A2t 0| k| = SHAE 7 M5E7] fI3H radial distorted- warping X &
. - ~ 1
f = encode ((x(d;) —¢) - W (x(d;) —¢)) Wp) = ——oor
vV P| - dmax
R B THSED VDS

SOGANG UNIVERSITY 22
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DONeRF: Towards Real-Time Rendering of Compact Neural Radiance Fields using Depth Oracle Networks

Ray | | Non-Linear | Sampling Space Local
Unification Depth Oracle Warping Shading
| Network Network
\& ~/ }

—_

Sampling Oracle Network : DepthS sampling prior2 tt=35| At 5= CHA, classification

depth oracle L E9 3 4

7| & prior B A1-2 surface representationd| 2|Z& — compact 2t representation AHE 2|0| FAH
P P P P
—Ztray0f| - EX O 2 N7t =X & Trot Z[X Of sampling ¢ X =2
Classification network = ¢!

}

Foreground®} background AtO|Of| depth discontinuity7} 248 sH7| 20, £|HO| X & &=
AE &KX %S - X positionOl| -3 oracle £ — {2 ray labelE classification2 2 £0
R B THSD VDS

SOGANG UNIVERSITY 24 LaB



DONeRF: Towards Real-Time Rendering of Compact Neural Radiance Fields using Depth Oracle Networks

Depth Oracle O| 2t?

7|2 NeRF2| coarse network2| sampling?| =422 | &o|Z 2443t depth £t 2| particleS
— X|HO| sample A== & 7] 2I6H sample 2Lt 2 TH 2| depth particle= 4 d
— Classifications S0l 72|0|2t depth3=Z + depth scale2| &2t 2t
— Z2+2t9| depth= non-real valued depth

2 X depth 4= 0| &5t= AEL scale EEE S = &2[Q| depth label 20| geometric 22

SOGANG UNIVERSITY 25
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DONeRF: Towards Real-Time Rendering of Compact Neural Radiance Fields using Depth Oracle Networks

. =

(a) Bulldozer K =1 (b) Bulldozer K =5 (¢) Bulldozer K =9 (d) Classroom K = 1 (e) Classroom K =5 (f) Classroom K =9

Depth Ray Classification &=A1: binary /=& — multi-class =+ —1D label smoothing

1, ifd.<ds<d A Vi + j?
Cx;y(z)Z{ o | Gul) = max (cx+f,y+j(z>——1)

0, otherwise, i,jEx|K/2] V2-|K/2]
7|t 50| =2 A &2 ray segment H % & O scale-consistent?t 21tE ==517| 2|8l 21E
[dz,dz+1]0l £ GT depth (d;) 7 Z&H | Of ray2| 7{2(ex)0,1,2,301| [t2} lower contribution & # =

QICIH 1 OfL|™H 02 2 HA| filter= &
AN — 4, — H
—Binary depth ray’4-d —Multi-class depth ray /g ex)4x4=16class
12/2] 790+ 1— i Depth discontinuity 0i| A
ot . fal . - I —_
» C(z) = min Y  C(z+i) 2/2] +1-]i 1 hard boundary I| S} = &
i=—2/2] 1Z/2] +1 Label smoothing filter = -&

| 4% udska VDS

@ SOGANG UNIVERSITY 26 LB



I
DONeRF: Towards Real-Time Rendering of Compact Neural Radiance Fields using Depth Oracle Networks

(a) Bulldozer K =1 (b) Bulldozer K =5 (¢) Bulldozer K =9 (d) Classroom K = 1 (e) Classroom K =5 (f) Classroom K =9
X EM: Single-valued depth sampled ray with depth, 2| : multiple-valued depth but similar, L2 A: multiple depth and different

Multi-class ray classificationO| 2|0

(1) T2 class H4Y =5 7%, B2 ray oracle &3

(2) YtH H2 class ¥+ B, ray oracle & 2| WX| 26 ME skip 75
0
o

rE

(3) Z oracle®| depth7} H|=&}H 2|M| Cl2 0 o| A3t AH
(4) B2 free oracle (empty oracle)= sto2M XH 57t sampling & & = ¢

Bin ary classification= & lf False negatlve label O] & AFEFF 1D, False Positive label 2| H|Z 0|
MSTHO 2 W free samplingO| B£0| L3t

or.'?. N

A\

AW THEED . I VRS \

@ SOGANG UNIVERSITY



DONeRF: Towards Real-Time Rendering of Compact Neural Radiance Fields using Depth Oracle Networks

Ray
Unification

Non-Linear
Depth

—

[
Sampling Space Local
Oracle Warping Shading
Network Network
& >4

Local shading Network : NeRF2| fine network CH A1 0]|, depth oracle2| 3d position=
MLPO|| 205

PSNR

FLIP |

Method \ N

2 4 8 16

2 4 8 16

=

Neighborhood &’ AtO|= (K — X)

SD

SD unified
K-1Z-11-1
K-5Z-11-1
K-57-11-128

26.686 27.401 28.220 29.085
27.423 28.052 28.825 29.554
27.325 28.697 30.068 31.145
28.685 30.521 31.988 32.982
29956 31,746 32,951 33,760

0.092 0.084 0.078 0.073
0.085 0.079 0.074 0.071
0.082 0.073 0.065 0.061
0.075 0.066 0.059 0.055
0.067 0.061 0.056 0.053

N

Smoothing 2 E ALO|= (Z — X)
Depth oracle 3d point 7= (I — X)

w

K-57-51-128

30.071 31.842 33.027 33.836

0.067 0.061 0.056 0.053

(K—-5,Z—5,1—-128)2 £|H ¢} 2

K-9Z-11-1
K-97Z-11-128
K-9Z-91-128

28.831 30.881 32.617 33.495
29.299 31.645 33.125 33.994
28.737 30.847 32.261 33.302

0.075 0.065 0.057 0.055
0.071 0.061 0.056 0.053
0.076 0.066 0.060 0.056

training = &

—

A g d Rk
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DONeRF: Towards Real-Time Rendering of Compact Neural Radiance Fields using Depth Oracle Networks

Ray Non-Linear Sampling Space Local
Unification Depth Oracle Warping Shading
Network Network

— e € i

Total network 2t H

1) lossysg: RGB outputd] C

==

off LEEE Ol MSE loss AFHE

= L— 1
2) loss,: 25 Y lossE +X EEHE 7L 10| M0| £ & 8t
SHE I EOH HZAME SH MO ZEAIZIM BA ==, 0|5 WX|sH7| Y8
SH EEHCIJNOIMOIEE S5 T
0, if 5,8, >1
loss = o+ lossmsg + P -1osso. lossp = 2 Liz1 02
(()j(:] 8;‘) — 1) , otherwise,
R S THEED VDS
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DONeRF: Towards Real-Time Rendering of Compact Neural Radiance Fields using Depth Oracle Networks

HERZA EH: cashing7 ArESHA| BE= 7|8 & 71 S
1) Batch 409671 2| ray & [2,4,8 16]sampI|ng 2
2) 7|Z& NeRF (40967l rayE 2567l sampling) Ol H| 8l 15-78HH Wb 1,
NerfingMVS (10247} rays 6471 sampling) 2t H| 2 SHH sampling 1670 & I3t 7| =
S 422 of &, LIHX|= 2N Eef &
Dense Depth Priors for Neural Radiance Fields from Sparse Input Views2} H| 1 &} &=
(102471 2] ray & 2567H) 7% =

R R R

1) Large depth forward-facing scene®f| S| 210 training images, 60 test images & 2

2) Inward facing@! NeRF£ X4 2571002 2R
NerfingMVS+ ScanNet L{ 2| 2= frameO| 223
Dense Depth Priors for Neural Radiance Fields from Sparse Input Views= 7% X2 9|
ScanNet Ci|O|E| A1 © 2 (18-20 train, 8 test) H| O] E{ 2 room scaled-rendering0| 7} gt

ﬂ BTN VDS
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DONeRF: Towards Real-Time Rendering of Compact Neural Radiance Fields using Depth Oracle Networks

Ground Truth

(b) GT (d) NeRF

(a) Ground Truth (¢) DONeRF-4  (e) DONeRF-4-
noGT

(a) Ground Truth (b) DONeRF-4 (¢) NeRF (d) NSVF-medium (e) LLFF

P i g d k- VDS
A [ves]
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DONeRF: Towards Real-Time Rendering of Compact Neural Radiance Fields using Depth Oracle Networks

San Miguel Pavillon Classroom  Bulldozer Forest Barbershop  Average
Storage MFLOP
Method [MiB] perpixel PSNR FLIP PSNRFLIP PSNRFLIP PSNRFLIP PSNRFLIP PSNR FLIP PSNR FLIP
DONeRF-2 36 270 2601 .094 3050 .103 31.66 .061 30.15 .063 2929 082 2941 .074 29.50 .079
DONeRF-2-noGT 3.6 270 2533 .098 29.84 .103 30.11 .067 26.92 .077 2836 .089 29.01 .075 28.26 .085
DONeRF-4 3.6 436 2741 080 31.07 098 3343 .058 3346 .048 30.63 077 30.84 .065 31.14 .071
DONeRF-4-noGT 3.6 436 26.19 .090 30.69 .096 31.44 061 29.78 .060 29.31 .086 3042 067 29.64 .077
DONeRF-8 3.6 7.66 28.65 .071 31.46 .096 .048 35.88 .039 31.72 .060 32.50 I
DONeRF-8-noGT 3.6 7.66 26.88 086 31.56.091 33.19 .055 3296 .047 2998 084 31.73 .062 31.05 .071
DONeRF-16 36 1429 PXE 31.79 .094 32.15 .059
DONeRF-16-noGT 3.6 1429 27.70 .078 34.63 .049 3541 .040 30.74 .079 32.80 .057 32.25 .065
NeRF ] 21142 2519 117 2954 .115 3402 .056 FEKE 2390 .151 EEX® BB 30.52 .088
NeRF (log + warp) £ 211.42 2898 .074 35.19 051 3622 .040 28.97 .101 ERR] KSR 068
NSVF-small PE] 7466 24.00 .132 2942 110 31.00 .070 25.75 .167 23.79 .159 27.72 094 26.95 .122
NSVF-medium 46 132.03 2507 .110 29.81 .105 33.04 .055 2651 .163 25.08 .135 29.62 .077 28.19 .108
NSVF-large 83 187.52 2573 .097 3048 .099 34.06 .051 33.14 .042 26.05 .119 30.61 .061 30.01 .078
LLFF 4130.6 %] 2453 106 27.50 .123 2487 .114 2476 .114 2219 148 24.13 .129 24.66 .122
NeX 88.8 m 28.07 .094 2628 .174 30.34 .085 2920 .072 20.95 220 2298 .152 26.30 .133
NeX-MLP 89.0  42.71 m 3041 102 34.10 ¥4  34.03 046 24.65 .125 2945 075 30.55 .076
R 6{'16-“‘&;_.3_ I VDS \
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