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Introduction



Background

The established or obtained camera poses can be noisy
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Bundle-Adjusting Neural Fields
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Bundle-Adjusting Neural Fields
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Motivation
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Pipeline
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’ Key Rays Enrichment
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Matched Rays Coherency

Matched Rays Coherency Module (MRC)
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Losses
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Pose alignment

Initial Poses BARF

Table 1: Poses registration errors evaluated on the
LEGO scene in the NeRF-Synthetic dataset [26].

Method Rotation (°) | Translation |
BARF [21] ICCV’21 9.02 0.81
SPARF [32] CVPR23'21 10.64 0.53

L2G-NeRF [5] CVPR23"21 2.90 0.10
CRAYM (ours) 1.21 0.19
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NeRF-Synthetic dataset

Table 2: Results on the NeRF-Synthetic dataset.

Metrics Method | PSNRT SSIMT LPIPS| CDJ|

NeRF [26] 16.69  0.77 039 223

BARF [21] 2855 093 0.06  0.09

Chair  SPARF [32] 2380  0.87 0.19  0.14

L2G-NeRF [5] | 30.99  0.95 0.05  0.10

CRAYM (ours) | 34.18  0.98 0.02  0.06

NeRF [26] 1507 0.74 042  N/A

BARF [21] 30.12 095 0.04  0.38

Hotdog  SPARF [32] 29.10 093 0.13  0.07

. : . . L2G-NeRF [5] | 34.56  0.97 0.03  0.38

; ; ; ; CRAYM (ours) | 3642  0.98 0.02  0.05

E 3 g | § @ § NeRF [26] 1111 0.60 0.58 0.8

} i } \$ i x \h‘ E } ? ; } ? BARF[21] | 2254 079 012  0.04
5 - j_\ 5 S 5 AN p LEGO  SPARF [32] 2247  0.80 025  0.09

> B A Ao - B 4B 5 e B L2G-NeRF[5] | 2771 091 006  0.12
; ﬁg"’ = CRAYM (ours) | 31.60  0.96 0.03  0.04

§ - i ;3’ ﬁ\ o, NeRF [26] 1308 073 053 048

: e | K BARF [21] 3037 0.96 0.05 028

; N — Mic SPARF [32] 2836 091 0.17 024
e Bl e (S — ‘—— C— L2G-NeRF [5] | 3091 097 0.05  0.17
Ground Truth BARF SPARF L2G-NeRF Ours CRAYM (ours) 31.02 0.97 0.05 0.04
NeRF [26] 1329  0.68 049  0.64

BARF [21] 23.09  0.84 0.18 0.4

Mean  SPARF [32] 2390  0.84 023  0.18

L2G-NeRF[5] | 28.62  0.93 0.07  0.17

CRAYM (ours) | 30.34  0.95 0.05  0.06
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Real scenes

Reference NeuS Pet-NeuS

Table 3: Qualitative comparison on novel view synthesis on the LLFF dataset [25].

| PSNR 1 | SSIM 1 | LPIPS | Table 4: Results on the real scenes PolyTech and
BARF L2G-NeRF BAA-NGP CRAYM | BARF L2G-NeRF BAA-NGP CRAYM | BARF L2G-NeRF BAA-NGP CRAYM ArtSci in the UrbanScene3D [22] dataset.
[21] [5] [23] (ours) [21] [5] [23] (ours) [21] [5] [23] (ours)
Scene Method PSNRT SSIMfT LPIPS| CDJ
Fern | 23.88 24.57 19.37 24.83 0.71 0.75 0.50 0.79 0.31 0.26 0.38 0.25
Flower | 24.29 24.90 25.16 25.04 0.71 0.74 0.81 0.76 0.20 0.17 0.10 0.13 NeusS [34] 14.27 042 0.71 0.10
Fortress | 29.06 29.27 29.24 29.39 0.82 0.84 0.83 0.85 0.13 0.11 0.14 0.12 PolyTech PET-NeuS [37] 13.64 0.40 0.75 0.07
Horns | 23.29 23.12 19.71 23.30 0.74 0.74 0.72 0.75 0.29 0.26 0.24 0.24 CRAYM (ours)  22.51 0.63 0.43  0.01
Leaves | 18.91 19.02 19.96 19.57 0.55 0.56 0.68 0.60 0.35 0.33 0.23 0.29
Orchids | 1946  19.71 12.45 1981 | 057 0.61 0.14 059 | 029 0.25 0.42 0.23 , NeuS [34] 13.49 033 0.89 010
Room | 32.05 32.25 29.72 32.44 0.94 0.95 0.90 0.91 0.10 0.08 0.12 0.09 ArtSci  PET-NeuS [37]  15.18 0.36 0.88 0.08
Trex | 22.92 23.49 24.56 23.68 0.78 0.80 0.86 0.83 0.20 0.16 0.11 0.10 CRAYM (ours)  19.37 0.42 0.63  0.02
Mean | 24.23 24.54 22.52 2476 | 0.73 0.75 0.68 076 | 023 0.20 0.22 0.18
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Ablation studies

Table 5: Comparing different methods at varying
noise levels.

Method PSNRT SSIMT LPIPS| CDJ
w/o Noise
NeRF [26] 29.08 0.94 0.04 0.34

Neus [34] 2118 0.82 009  0.04 . . .
BARF [21] 5833 093 005 036 Table 6: Ablation of major modules and losses.
SPARF[32] 2273  0.80 025  0.09

PET-Neu$ [37] 2137  0.82 0.14  0.10 Method PSNR* SSIM? LPIPS|, CDJ|

L2G-NeRF [5] 27.94 092 006  0.14

CRAYM (ours) 3272 097  0.02  0.03 L2G-NeRF [5] 27.71 091 006  0.12

Low Noise Level NeuS2 [35] 26.83 0.86 0.17 0.08
NeRF [26] 2486  0.88 009 034 R
NeuS [34] 5176 0.83 014 005 Baseline 27.30 0.91 0.10 0.06
BARF[21] 2832 093 005 036 + KRE 28.64 0.93 0.07 0.05
SPARF [32] 22.55 0.80 025  0.09 + KRE + MRC 30.41 0.95 0.04 0.04

PET-NeuS [37] 2134  0.82 0.11 055

L2G-NeRF[5] 2775  0.92 006 021 + Le 29.43 0.92 0.07 0.05

CRAYM (ours) 3268 097  0.02  0.04 + Le + Lq 29.95 0.94 0.06  0.04

High Nofe Lovel Our full pipeline ~ 31.60  0.96  0.03  0.04

NeRF [26] 1136  0.81 056  0.57
NeuS [34] N/A N/A N/A N/
BARF [21] 1448  0.69 029  0.04
SPARF[32] 2247  0.80 025  0.09
PET-NeuS [37] N/A N/A N/A  N/A
L2G-NeRF [5] 2771 091 006  0.12
CRAYM (ours) 31.60  0.96 0.03  0.03
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Conlusion

Limitations:

1. Randomly initialized poses
2. Messy inner structures

3. Dense matching
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