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Introduction

« Background

- Scenario of novel view synthesis

Input Images Optimize NeRF Render new views
TAvAFrgeary
RN ATES
FarAEge R
RFHNINRTE S
FEAEPEEGE Crapall: TN i
-'.-».aa't-r&ﬂva-_) S
FLeFE4aTE T oy
LHrEG RS 6::{_
CRHAGASRNA =t
PERE RPN EEY

-N7HS| A|™HO M EHE 2D image &t& — 2|9 A|™O|M E#HE 2D image T2

- Volume rendering

® 1, @ ®

[ T

— v
o
! ¢)

Figure 2: The ray casting imtegral sums the color and opacity

properties of each data vaxel that intersecis the ray. C I 1T 1T 1] [y —— e s —— EHCE ]_L
S LA MALS ZA XS J2% M Eo @A RE sample] ME Bt
= sampling 1245}0] sample2| A A
(] = ol - N
- 3Kt scholar field @ EH2| discrete®t H|O|EH{ & 2Xt& image2 FE5t= 7|

G image plane2| Zf /A0 A X E 2FSl| rayE L AISHL, rayZt X|L= 2-E voxel2| M-S

X A target pixel2| A AA A2 AR
R M THBER getp 2 3 —

SOGANG UNIVERSITY

9.*-|ﬂ1

5y [



1) Mildenhall, B., Srinivasan, P.P., Tancik, M., Barron, J.T., Ramamoorthi, R., Ng, R.: Nerf: Representing scenes as neural radiance fields for view synthesis. In: ECCV (2020)

Introduction
« NeRFY

- Neural radiance field scene representation

5D Input Output
Position + Direction Color + Density
(x, 32,6, )—»["][I—- RGBa)
ro y ¢ 1 (RGBo) _\ '“M l

' E Ray2

- 3D point (x,y,z)2t viewing direction 6, 9= 74
view-dependent RGB color cE& &

« MLP structure

Volume Rendering
Rendering Loss
a, i /—\
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Ray Distance

(c) (d)

2274 %t target pixel color?t GT color
AFO[Q| L2 lossE AR S}H0] Sh& &

Zl 5D input2 2 H

HEl= MLPE &5

7(x) Position2HS
60 2 & 2Ot density =3
+ o
**Positional encoding
5D input2 J1CH 2 1 25t high-frequency +(x)
A—|_|?_O b8 Ea—i—é—l_xl I=ko1" 60 > 256 —>» 256 —» 256 —>» 256 —» 256 —>» 256 —» 256 —>» 256 256 —» 128 --
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network0f| 2 =
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- Density-= viewing direction0f| & t*ﬁiol Lot &
2|5l positionZt= AtESHO] densityS 3t

- O| = viewing directionS & & 2O} view-dependent®t colorgE =8
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1) Mildenhall, B., Srinivasan, P.P., Tancik, M., Barron, J.T., Ramamoorthi, R., Ng, R.: Nerf: Representing scenes as neural radiance fields for view synthesis. In: ECCV (2020)

Introduction
« NeRFY

- VVolume rendering
- MLPZ} =732t Zt point2| colorE densityS Bt ot weighted sum2 2 E S| A target pixel colorE H|4F
< 1. Densityt 2= weight”/} 7{OF gt
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1) Mildenhall, B., Srinivasan, P.P., Tancik, M., Barron, J.T., Ramamoorthi, R., Ng, R.: Nerf: Representing scenes as neural radiance fields for view synthesis. In: ECCV (2020)

Introduction
« NeRFY

- Hierarchical volume sampling

- Rendering 21t0f| 2t0{SHX| 4 pixelOll Al querySt= A2 X[ 7| 2{58H coarse network2t fine

networkE &M optimizedt= 5 A S A2

- Coarse networke ray2| A% ¢, FE 28 ¢, & N, S5t 2} segment0f| A random pointE

sampledl Al rendering weight w; = T;(1 — exp(—0;6;)) S ALt

- 0§ 7| A w; & normalizingot™ (w;= Wi/ijil w)) ray & 2| weightOl CHS PDFZ & &= U=

-PDFE &9l CDFE Attt 2, inverse samplingS &30 N 70| pointE sampleSt fine network= N, +

N7H 2| sampleS AtESHY] ot& & - Wi B S0 HEAE £ sampinga &

- XBXOZ CHEF 22 loss function= AHESHO] coarse / fine networkE SH& Al Z

L=Z[ .

TER
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1) Mildenhall, B., Srinivasan, P.P., Tancik, M., Barron, J.T., Ramamoorthi, R., Ng, R.: Nerf: Representing scenes as neural radiance fields for view synthesis. In: ECCV (2020)

Introduction

« Camera Parameters

- Commonly used coordinate systems and transforms

. ’ - Xw Xw
el ‘ P. =P, (X Tr e o]l TS 1y
Y =|r21 P Ia| b | . =| R Tl' "
¢ | | Z | | .
| Z. LFBI I, Iy tsJ 1 |_ J 1
Extrinsic parameter = =
Z, X, [ Au] I_k"f 0 u | X, [u] I_XC—I
=l 0 k.f vl Y. Alv =K| YC|
% 2] Lo o 1]z iRy EA
/”H Y Intrinsic parameter
Camera T el B 7 Wt?l‘!d W (=Calibration matrix),
_________________ - Origin Cameral| A= MM 2| X|0f| oI5l AEE[= U2 R,
Frame Zestats AL S 22 22 71
[R|T]

In general, the camera parameters I include camera in-
trinsics, poses, and lens distortions. We only consider es-
—| timating camera poses in this work, e.g., camera pose for
| frame I; is a transformation T; = [R; | t;] with a rotation
2 - K [R|T]- w | R; € SO(3) and a translation t; € R?.

V= | Camera pose estimation< extrinsic
1 w J parameterE F=835t= A0 &

(Intrinsic parameter= 221 QLC
g HAE SR
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NoPe-NeRF: Optimising Neural Radiance Field with No Pose Prior
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1) Bian, Wenijing, et al. "Nope-nerf: Optimising neural radiance field with no pose prior." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2023.

NoPe-NeRFD

« Abstract

- NeRF2} camera poseE 7| X| & 212t 2 M pose prior810]| 3D scene= E P SH= HHEH K| ©F

-NeRFE && A|7|7] Q8HM train imageS 2| camera parameter Z|A10] Z

: COLMAPE ALE010] A LHE|, 71 A[ZH0] AR &0 HE8dEE XotA|7[= Q222 A8
- 7| & camera pose2t NeRFE 74| X| & 21SH= -2 camera motion0| & 4% 450| X5+
- & =& monocular depth prior& NeRFOf| Z&ot ot 2 AFESIY 7| & BHHO| ZXE S o2
w71 2= B2 camera poseE SN O 2 5510 pose THO| Mzt S
2 == frame?t2| relative pose loss& AFESHY global2t pose estimation 218 €&
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1) Bian, Wenijing, et al. "Nope-nerf: Optimising neural radiance field with no pose prior." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2023.

NoPe-NeRFD

« Method Overview

- Joint optimization of poses and NeRF
- YEH Ol NeRF= neural networkS A2 310 scenes CH2 1t 22 mapping function 2 B S
Fo: (x,d) = (c,0)
-N7§2| image 7 = {I; |i = 0...N — 1}2} 210f| 48 3}= camera pose I1 = {m; |i = 0...N — 1 }Of| CH3} loss
function £,.g, = X¥||1; = I; || S ZI = Sk8L0] prior parameter 6* 22

0* = argg min [,rgb @17,m

2D

rlo

camera parameter= learnable®h B EH = H2lSI0 Ch20F 22 x| M3t 24X 2 sidg

Camerapose = NeRFQt &7 2| &30 *, [1* = arge,n min Lrgb (7, Hlj) ctess Learage(nn.Focue)

def __init_Ngelf, num_cams, learn_R, learn_t, cfg, init_c2w=lone):

5 —— st aram num_cam
Key Components I'raining Pipeline : Legend R N
+ | Learnable :param learn_t: TrueMQlse
&,E] T; : Camera pose [R;, €] :param cfg: config argumedsoptions
align to global __.» ! | Fo: NeRF parameters :param init_caw: (N, 4, 4) toNQ tensor

@; : Depth distortion - scale
2 i ) super(LearnPose, self)._init_ ()
B : Depth distortion - shift
self.num_cams = num_cams

ettt 2 Hone torch.nn.Parameter &= A25}0

i (Objects

if inis w is not None: IearnabIeO} I:I:{ Ai A—| 01
I; : Ground truth image celf.ini — =
i : Gro mag self.init_c2w = nn.Parameter(init_c2w, requiresyfcad=False)
1 : Renderd image self.r = nn.Parameter(torch.zeros num_cams, 3), dtype=torch.float32), requires_grad=learn_R) # (N, 3)|

D; : Monocular depth map self.t = r\r.PE'EmE:e\‘(ta"cmze\‘:s(5i:e:im1|7cams, 3), dtype=torch.flost32), requires_grad=lesrn_t) # (N, 3)
D; : Renderd depth

D; : Undistorted depth

P : Point cloud from depth

def forw ald(sEl’F cam_id)

Operations c2w = make_c2w(r, t)
——> Back-projection # learn a delta pose between init pose and target pose, if a init pose is provided
if self.init_c2w is not None:
2w = 2w @ self.init_c2w[cam_id]

)
) return c2w
)

def get_t(self):

R s g d k-t <Overall training pipeline> <Implementation> | VDS |
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1)

Bian, Wenijing, et al. "Nope-nerf: Optimising neural radiance field with no pose prior." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2023.
2)

Ranftl, René, Alexey Bochkovskiy, and Vladlen Koltun. "Vision transformers for dense prediction.” Proceedings of the IEEE/CVF international conference on computer vision. 2021.

NoPe-NeRFD

« Training pipeline
- Undistortion of monocular depth

- Monocular depth estimation network 2! DPTYE A& 5}H0 input image 70 CH2H mono-depth map D =
D;li=0..N—1} 2 &5 SLtZUS=AFoM 2L
rendering Z20t7F 2 _'FEl =83

- Mono-depth map D& multi-view consistencyZt 87| -2 0| transform parameter ¥ = {(a;, B;)|i =
0..N —1}= AH235}0] CHZ 1t 20| view-consistent depth map D*= 22 &l &

Di = a;D; + B;

- CF2 1 22 loss function L, = &8 D* 7t view-consistent®H NeRF2| depth map D; 0l 7177+
NeZ o5

Laeptn = ZIiV”D{k - 5i|| where D;(r) = f’:’ T(h)a(r(h))dh FARE 2D imageS WG = 2= 3D

4,\/|ew|:||'|:|' El‘E %t?ﬂ Image }g{)g
- Mono-depth = NeRFE &5 A|7|= |0 geometry prior2 ZH238}0] shape-radiance ambiguity S 2t}
Key Components
i view 2

Fig.3 Visualization of shape-radiance ambiguity. For illustration, we
assume p (the red dot) is the location of correct geometry, p; (the violet
dot) and p> (the blue dot) are incorrect geometries. In the absence of
geometry constraints. the model can fit incorrect geometry p) in view

, ”' 7“: - ShﬂEJE-REI.Il‘iilIiEE .-imh-iguil}' 1 and p; in view 2 independently to simulate the effect of the correct
R 6" c“ §|; ) geometry p (Color figure online)

. . v UO
SoGANG Universiry  <Undistorted depth map A e > 11 <lllustration of shape-radiance ambiguity>
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NoPe-NeRFD

« Training pipeline
- Relative pose constraint

- 7| & YHS2 Zf camera poseE = EH

Bian, Wenijing, et al. "Nope-nerf: Optimising neural radiance field with no pose prior." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2023.

Depth map D* 24 2| pixel (i, )2t 3%+ point cloud 22| z=D"(i,))
ZtE (x,y,2)€ CHS 0t 22 A E 7t (—c) Xz
fx
_ (i - cy) Xz
- 7

2 | X13}510] global pose M2 & St&SHA| 28

1
|0
Hu

- 0| s Z5t7| 238l 21T frameZtOl| ZZ =l pgse THO| I ZE|E & 5= L= loss functions = &

- Undistorted depth map D*= camera intrinsic& AF2SH0] back-projectionsf Al point cloud P* =
(Pfli=0..N—-1}=2 &5

- CtS 1t &2 point cloud loss £, & S3f 2

x| %3} 2

[

point cloud2| 7t 7H7H2 2| L2 lossE H St A+t | T

point cloudZte| RALEE £0|= &S =¥

OIF frameO| 3D & 70| A| matching=| == &} 0] poseE

Tj; = T;T; !
- P i camera ZHEA| MO M B E

A
_ : N = * T..PXY - T '= camera ZHE | £ world ZHE 7| 2 B2t
Chamfer Distance loss, 27§ 2| Point cloud 2t & 01 CHSHA{ 24 CH ['PC Z : lea (PJ ’ T”Pl ) - T;E world ZHEA & jHM camera ZHH A 2 T 2t
(¥)) — Ao 2 p:E jHW camera ZHEA 2 HE
min [l = pyll, + D min[lp; — ]
min [[p: = oy, min[p; - p)],

lcd(Pi'Pj) = z

DiEP; Dj€EP;j

- EESF point cloud 22| pointZ} 217 frameOfl projection® 2t0| ZOFX| =& S} surface-based

photometric error L4}, _sS

AMABTHE-D
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1) Bian, Wenijing, et al. "Nope-nerf: Optimising neural radiance field with no pose prior." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2023.

NoPe-NeRFD

« Training pipeline
= Total loss function
- X|ZX O Z |oss function L2 Ofe e} 20| ™Mo|=!

L= Lrgb + Alﬁdepth + AZch + ASLrgb—s

- ok £2 CHS 1 20| NeRF parameter 6, camera pose I1, distortion parameter & | X 3} 2t
% TT* L% . 58 7.7 LearnabIeOF poseS NeRFO|| &2 A|7H
0% 1%, y* = arg Grnl'llrtlb L(jr D, 1], 1/)|f], D) £ 3 image2t depth map= 2 =
Y X OtStH loss fi 2 %Xz
Training Pipeline 1I oss functionS %| & 3}
Tarnable
Key Componenis T, T : Camera pose [R;, €]
Fg : NeRF parameters
| i, Jlnl_-ql ! © | d : Depth distortion - scale
align to global __.» MeRF Fao © | Bi: Depth distortion - shift

Objects
I; : Ground truth image
f.- : Renderd image
i : Monocular depth map
; : Renderd depth
D : Undistorted depth
PF : Point cloud from depth

Operations

I:> Back-projection

H

Rﬂ - |VDs|
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NoPe-NeRFD

« Experimental Results

1) Bian, Wenijing, et al. "Nope-nerf: Optimising neural radiance field with no pose prior." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2023.

- Comparisons with pose-unknown methods

- View synthesis quality

Rendered depth map D; (1) = f;f T(h)a(r(h))dh

(e) Ground Truth

(a) BARF (b) NeRFmm (c) SC-NeRF (d) Ours
Ours BARF NeRFmm SC-NeRF
seenes PSNRT SSIMT LPIPS | PSNR  SSIM __ LPIPS PSNR  SSIM __ LPIPS PSNR  SSIM__ LPIPS
007900 3247 084 041 3231 083 043 3059 081 049 3133 082 046
3 041800 3133 0.79 0.34 3124 079 035 3000 077 040 2905 075 043
Z 030100 29.83 0.77 0.36 2931 076 038 2784 072 045 2945 077 035
S 043100 33.83 091 0.39 3277 090 041 3144 088 045 3257 090 040
mean 31.86 0.83 0.38 3141 082 039 2997 080 045 3060 081 041
Church 25.17 073 0.39 2317 062 052 2164 058 054 2196 0.60 0.3
3 Barn 26.35 0.69 0.44 2528 064 048 2321 061 053 2326 062 051
& Museum 26.77 0.76 035 2358 061 055 2237 061 053 2494 069 045
£ Family 26.01 0.74 041 23.04 061 056 2304 058 056 2260 0.6 051
3 Homse 27.64 0.84 0.26 2409 072 04l 2312 070 043 2523 076 037
5 Ballroom 25.33 0.72 0.38 2066 050  0.60 2003 048 057 2264 061 048
2 Frncis 29.48 0.80 0.38 2585 069 057 2540 0069 052 2646 073 049
£ Ignatius 2396 0.61 0.47 2178 047 060 2116 045  0.60 2300 055 053
mean 26.34 0.74 0.39 2342 061 054 2250 059 054 2376 065 048
s g d Rk
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NoPe-NeRFD

1) Bian, Wenijing, et al. "Nope-nerf: Optimising neural radiance field with no pose prior." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2023.

« Experimental Results :

- Comparisons with pose-unknown methods

- Camera pose

PR szuga
@ SOGANG UNIVERSITY

<Metrics>
RPE-t : GT pose2f prediction 2f 201l EHSH 217 view2f position H 2}
RPE-r : GT pose&t prediction 2t 2t 0f| CH3H 217 view2t rotation %}
ATE : GT pose®2} predicted poseAtO| 2| MSE

ko

°

UM At
UM AL

Camera trajectory A| 23}

COLMAP (GT) COLMAP (GT) COLMAP (GT) COLMAP (GT) =02
SC-NeRF + NeRFmm Ours
[ -
T <
g Nl z
g e 3 ol u
as e
E 2 0.1 &
2 -
Frame ID Frame ID Frame 1D Frame ID
COLMAP (GT) COLMAP (GT) COLMAP (GT) COLMAP (GT) >1.0
SC-NeRF NeRFmm BARF Ours
atans ST a0 n f
e L N
£ Al = ] uy
§ ¢ l 0.5 &
=
= = —
" - R T A —— .00
Frame ID Frame ID Frame ID
(a) BARF (b) NeRFmm (c) SC-NeRF (d) Ours
scenes #M%— — e —— =
RPE; | RPE; | ATE] RPE; RPE, ATE RPE; RPE,. ATE RPE; RPE,- ATE
007900 0.752 0.204 0.023 L.110 0.480 0.062 1.706 0.636  0.100 2.064 0.664 0.115
g 041800 0.455 0.119 0.015 1.398 0.538 0.020 1.402 0460 0013 1.528 0.502 0.016
g 0301_00 0.399 0.123 0.013 1316 0.777 0219 3.097 0.894 0.288 1.133 0422 0.056
2 043100 1625 0.274 0.069 6.024 0.754 0.168 6.799 0.624 0.496 4.110 0.499 0.205
mean 0.808 0.180 0.030 2.462 0.637 0.117 3.251 0.654 0.224 2.209 0.522 0.098
Church 0.034 0.008 0.008 0.114 0.038 0.052 0.626 0.127 0.065 0.836 0.187 0.108
kA Barn 0.046 0.032 0.004 0.314 0.265 0.050 1.629 0.494 0.159 1.317 0.429 0.157
E- Museum 0.207 0.202 0.020 3.442 1.128 0.263 4.134 1.051 0.346 8.339 1.491 0.316
2 Family 0.047 0.015 0.001 1.371 0.591 0.115 2743 0.537 0.120 1.171 0.499 0.142
2 Horse 0.179 0.017 0.003 1.333 0.394 0.014 1.349 0.434 0.018 1.366 0.438 0.019
s Ballroom 0.041 0.018 0.002 0.531 0.228 0.018 0.449 0.177 0.031 0.328 0.146 0.012
ﬂé Francis 0.057 0.009 0.005 1.321 0.558 0.082 1.647 0.618 0.207 1.233 0.483 0.192
= Ignatius 0.026 0.005 0.002 0.736 0324 0.029 1.302 0,379 0.041 0.533 0.240 0.085
mean 0.080 0.038 0.006 1.046 0.441 0.078 1.735 0.477 0.123 1.890 0.489 0.129
15
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1) Bian, Wenijing, et al. "Nope-nerf: Optimising neural radiance field with no pose prior." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2023.

NoPe-NeRFD

« Experimental Results
- Comparisons with COLMAP assisted NeRF
ScanNetH| O|E{ 12| GT pgieJH ;:fj‘;ffj Jziﬂo._F

_ . . 4B 0F COLMAP2| pose = 3=
Comparison of pose accuracy with COLMAP on ScanNet  COLMAPI ] 20 6| Hsie ora
Ours COLMAP

RPE, | RPE, | ATE| RPE, RPE, ATE
0079_00 0752 0.204 0.023 0.655 0221 0.012
0418_00 0.455  0.119  0.015 0491 0.124 0.016

sCenes

030100 0.399 0.123 0.013 0414 0.136 0.009

043100 1.625 0.274 0.069 1.292  0.249 0.051

mean 0.808 0.180 0.030 0.713 0.182 0.022
NeRF= 2stage 2t & HAI 2 ALRSIEE, 570 H{ W Z 2[dl O[2F F Al 2stage &

=.
. . T, H QF & ¥ 2 2 NeRF2f poseS H5 0 & poseS LI SHA NeRFE scratch R E oh&

- Comparison to NeRF with COLMAP poses

Ours |Durs-r COLMAP+NeRF
PSNR 1 SSIM 1 LPIPS | PSNR SSIM LPIPS PSNR SSIM LPIPS
007900 3247 084 0.41 3312 085 040 3195 083 043
041800 31.33 0.79 0.34 3049 097 040 3060 078 040
030100 2983 0.77 0.36 30.05 0.78 034 3001 078 036
043100 3383 091 0.39 3386 091 039 3354 091 0.39
mean 31.86 0.83 0.38 31.88 0.83 038 31.53 082 040
Church 2517 073 0.39 26.74 078 032 2572 075 037
Barn 2635 0.69 0.44 26,58 071 042 2672 0.71 042
Museum 26,77 0.76 0.35 2698 097 036 27.21 078 0.34
Family 26.01 0.74 0.41 2621 095 040 2661 077 0.39
Horse 2764  0.84 0.26 28.06 084 026 27.02 082 029
Ballroom 2533 0.72 0.38 2553 0.73 038 2547 073 038
Francis 2048  0.80 0.38 2073 081 038 3005 0.81 0.38
lgnatins 2396  0.61 0.47 2398 0.62 046 2408 061 047
mean 2634 074 0.39 26.73 075 037 2661 075 038

Rﬂ S oH 8k — | | VDS

SOGANG UNIVERSITY 16 LaB

scenes

ScanNet

Tanks and Temples




SPARF: Neural Radiance Fields from Sparse and Noisy Poses
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1) Truong, Prune, et al. "Sparf: Neural radiance fields from sparse and noisy poses." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2023.

SPARFY

» Abstract
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« Method Overview

- Training NeRF with few-shot images and noisy camera poses
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- Multi-view correspondence loss
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 Method

- Improving geometry at unobserved views
- View consistency & %'”é* AZ17| 213l training view pointE pseudo-depth map2 2 A2 3} depth
consistency 10ss Lpcons= = &

Lpcons 6) = Z Vyp(zy — 2(y; 0, Pin))
p

- 07| M pseudo-depth z, = error& E&5}7| M= 0f| P;0fl= back propagations = 5}X| 0I0F d50|
SRS E M=
5

- EE 3t visibility mask y, £ CFHS O 22 7| 202 ZAF E

= 1. Pixel projection y 7| virtual view2| image plane T2 2 Lt7t&H y, = 0

+ 2. Occluded @l B2E M LISt | 23l y, = Ty,

—Transmittance 7t =™ camera center2t r,,,, ,,(z,) AtO|0f| densityZ} 2 point7t 72| @l= 40|12
[THEfA] depth0ll 2 et F= EUHYL HO|22 y, & E g2 &%

o

rgn =P 1Pt (p,i(p; 0, pi))
=57,

—>zy = training view 22| point pE unseen view &2k 2 warping®?t = projection®t depth

y = n(r}™)= pE unseen viewOll projection?t pixel 0|, 2(y; 0, P,,)= vyl Al NeRFE
A 5

b depth W

Rendered depth

R HAYTH é'.,‘:_-l‘_ Step 3: NeRF refinement with

SOGANG UNIVERSITY Lour depth consistency loss (




1) Truong, Prune, et al. "Sparf: Neural radiance fields from sparse and noisy poses." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2023.

SPARFY

« Method
- Training Framework
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« Experimental Results

- Intuition on pose-NeRF training losses
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« Experimental Results

Truong, Prune, et al. "Sparf: Neural radiance fields from sparse and noisy poses." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2023.

- Comparison to SOTA with noisy poses

Method | Rot. | Trans. ,| PSNE T S5IM T LPIPS | DE]
BARF [25] 10.33 51.5 1071 (9. 76) 043 (0.62) 0590360 190
RegBARF [25,33] | 11.20 528 1038 (9.20) 045(0.62) 061 (0.38) 233
DistBARF [4.25] | 11.69 55.7 9.5019.15) 034(0.76) 067 (036) 1.90
SCMeRF[21] 144 16.4 1204 (1171 045 (0.66) 0520300 085
SPARF (Ours) 1.81 50 17.74 (18.92) 0.71(0.83) 0.26(0.13) 0.12
]Rﬂl. (7)) Trans. [xlﬂO}L]PSNR* SSIM 1 LPIPS |
BARF [27] 204 1.6 1747 0.48 0.37
RegBARF [25, 53] 1.52 5.0 18.57 0.52 0.36
DistBARF [, 75] 5.50 26.5 1469 0.34 0.49
SCNeRF [21] 193 114 17.10 0.45 0.40
SPARF (Ours) 0.53 28 19.58 Lol 0.31
Method | Rot (7). Trams (= 100) | | PSNRT SSIM T LPIPS| DE]
G SPARF (Ours) | Fixed GT poses | 26.43 .58 0.13 0.39
F MeRF[11] Fixed poses obtained 20.99 0.73 03z 1.33
DS-MNeRF[11] from COLMAP (run w. 23.52 081 0.20 0.99
SPARF (Ours) PDC-Met [45] matches) 25.03 .84 15 (.66
R BARF [25] 335 16.96 20.73 0.72 030 0.84
RegBARF [25,57]| 3.66 20.87 20.00 0.70 03z 1.00
DistBARF [4,25] 236 7.73 2246 0.77 023 0.47
SCMeRF [21] L63 472 2254 0.79 0.24 0.73
DS-NeRF[11] 1.30 5.4 24.75 0.83 0.20 0.69
SPARF {Ours) 015 0.76 26,98 [, 0.13 .36

- Comparison to SOTA with ground-truth poses
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Method PSNRT | SSIM{T | LPIPS| ||PSNR | SSIM 1 LPIPS |
PixelNeRF [57] || 1936 (18.00) | 0.70 (0.77) | 0.22 (023 || 793 027 068
PixelNeRF-fi [7] = - - 1617 044 051
MipNeRF [ 7] 764 (8.68) |023(057) |0.660.35 || 1462 035 050 o - N
NeRF [ 1] 841(934) |031(063) |0.71036) || 1361 028 056 ()= background& A| 73t
DietNeRF [1] 10,01 (11.85) | 035 (D.63) (057 (031) || 1494 037 05 M5 DTUHO|HAI 2
InfoNeRF [22] 11.23(-) 0.441(-) 0.54(-) - - - HOM Ui S THH A
RegNeRF [ 7] 1533 (/5.89) | 062 (075) (034 (00& || fo08 059 034 O 1 g f o
DS-NeRF[ 1] 16.52 (-) 0S4¢) | 048() || 1800 055 027 AR FTHES S E Hs0|
- Lo A OlS
SPARF (Ours} || /8.30(21.01) | 0.78 (0.87) | 0.21 (0.10) || 20.20 0.63  0.24 TE T AT
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