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Neural radiance field reconstruction for sparse indoor panoramas

Xiao Qiang, Chen Minglin, Zhang Ye, Huang Xiaohong"

School of Electronics and Communication Engineering , Shenzhen Campus, Sun Yat-Sen University, Shenzhen 518107, China

Abstract: Objective Neural radiance field (NeRF) account for a crucial technology used in the creation of immersive envi-
ronments in various applications, including digital human simulations, interactive gaming, and virtual-reality property
tours. These applications benefit considerably from the highly realistic rendering capabilities of NeRF, which can generate
detailed and interactive 3D spaces. However, the reconstruction of NeRF typically necessitates to a dense set of multiview
images of indoor scenes, which can be difficult to obtain. Current algorithms that address sparse image inputs often perform
poorly in the accurate reconstruction of indoor scenes, which leads to less than optimal results. To overcome these chal-
lenges, we introduced a novel NeRF reconstruction algorithm specifically designed for sparse indoor panoramas. This algo-
rithm enhances the reconstruction process via the improved allocation of sampling points and refinement of the geometric
structure regardless of limited image data. In this manner, high-quality, realistic virtual environments can be synthesized
from sparsely available indoor panoramas, which advances the potential applications of NeRF in various fields. Method Ini-
tially, our algorithm, which is specifically designed to focused on regions of lower latitude,, implements a distortion-aware
sampling strategy during the ray sampling phase. This strategic approach ensures the sampling of more rays from the central

areas of the panorama, which are typically richer in terms of visual information and less distorted compared with the periph-
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eral regions. Concentration on these areas we can attain a marked improvement in rendering quality because the algorithm
can better capture the essential features and details of the scene. For the further improvement of the reconstruction process,
especially in the case sparse image inputs, a panoramic depth estimation network was employed. This network generates a
depth map that provides crucial information on the spatial arrangement of objects within a scene. With the estimated depth
map, our algorithm incorporates a depth sampling auxiliary strategy and a depth loss supervision strategy. These strategies
work in tandem to guide the learning process of the network. The depth sampling strategy allocated a considerable portion
of the sampling points in a Gaussian distribution around the estimated depth. This targeted approach enables the network to
further comprehension of nuanced understanding of object surfaces, which is essential for accurate scene reconstruction.
During the testing phase, our algorithm adopted a coarse-to-fine sampling strategy that aligns with the principles of NeRF.
This methodical approach ensures that the network can progressively refine its understanding of the scene, starting with a
broad overview and gradually through zooming in on finer details. To maintain the color and depth accuracy throughout the
training process, we integrated a depth loss function during the training phase. This function effectively limits the variance
of sampling point distribution, which results in a focused and accurate rendering of the scene. In addition, we tackled the
issue involving artifacts and improved geometry through the introduction of distortion loss for unobserved viewpoints. This
loss function effectively constrains the distribution of unobserved rays in space, which results in realistic and visually pleas-
ing renderings. Moreover, to address the low rendering speed in neural rendering, we developed a real-time neural render-
ing algorithm with two distinct stages. The first stage involves partitions the bounding box of the scene into a series of octree
grids, with each grid’ s density determined via its spatial location. This process enables the efficient management of the
complexity of the scene, which ensures that the rendering process is optimized for speed and quality. Further screening
these grids leads to the identification of octree leaf nodes, which are essential for reducing memory consumption and
improving the performance. In the second stage, our algorithm leverages the network to predict the color values of leaf
nodes from various viewing directions. Spherical harmonics are employed to accurately fit the colors, which guaranteed that
the rendered scene is vibrant and true to life. By caching the network model as an octree structure,, we enable real-time ren-
dering, which is crucial for applications that demand a seamless and immersive experience. This approach not only sub-
stantially improves the rendering speed but also maintains high-quality results, which are essential for the creation of realis-
tic virtual environments. Result We evaluated the effectiveness of our proposed algorithm on three panoramic datasets,
including two synthetic datasets (i. e. , Replica and PNVS datasets) and one real dataset (i. e. , WanHuaTong dataset ).
This diverse selection of datasets allowed for a thorough assessment of the algorithm’s performance under various conditions
and complexities. Our evaluation outcomes illustrate the effectiveness of our algorithm and its superiority over existing
reconstruction methods. Specifically, when tested on a Replica dataset with two panoramic images as input, our algorithm
exhibited a considerable leap over the current state-of-the-art dense depth priors for NeRF (DDP-NeRF) algorithm. In
addition, it achieved a 6% improvement in peak signal-to-noise ratio (PSNR) and an 8% reduction in root mean square
error, which reflect improvements in image quality and accuracy. Moreover, our algorithm demonstrated an impressive ren-
dering speed of 70 frames per second on the WanHuaTong dataset, which underscores its capability to handle real depth
data with equal proficiency. The algorithm’ s adaptability is further highlighted in scenarios with challenging panoramic
images, such as top cropping and partial depth occlusion. Despite these obstacles, our method effectively recovered com-
plete depth information, which showcases its robustness and reliability in practical applications. Conclusion We proposed a
NeRF reconstruction algorithm for sparse indoor panoramas, which enables highly realistic rendering from any viewpoints within
the scene. Through the implementation of a panoramic-based ray sampling strategy and depth supervision, the algorithm
improved the geometric reconstruction quality by focusing on object surfaces. In addition, it incorporated a deformation loss for
unobserved viewpoints, which strengthened ray constraints and elevated the reconstruction quality under sparse input conditions.
Experimental validation of different panoramic datasets demonstrated that our algorithm outperforms current techniques in terms of color
and geometry metrics. This condition leads to the creation of highly realistic novel views and supports of real-time rendering, with poten-
tial applications in indoor navigation, virtual reality house viewing, mixed-reality games, and digital human scene synthesis.

Key words: neural radiance field (NeRF) reconstruction; sparse input; panorama; novel view synthesis; virtual reality;
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Fig. 1 The framework of panoramic neural radiance field reconstruction
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i Adam S04 &R o 27 ) RHILRBCE N 5 x 107, I
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15 NeRF (Mildenhall 45 , 2020) . InfoNeRF (Kim %,
2022) . RegNeRF (regularizing NeRF) (Niemeyer 5% ,
2022) . DS-NeRF (depth-supervised NeRF) (Deng 45 ,
2022) . DDPNeRF (dense depth priors for NeRF)
(Roessle %5 , 2022) . RGBD-NeRF (RGB-depth super-
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vised NeRF) (Yuan £, 2023) i SparseNeRF (Wang
45,2023) 0 I A 38 S LA YN ZRAE I 5B AL A
B IAEIR . SERANER 1 AE 3 s A SCREAE 2 0
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ANEZ S HAE LA Replica BIEE FHIHA A SRR E RN

Table 1 Comparison of experimental results of novel view synthesis on the Replica dataset

1-view 2-view 3-view
Ak

PNSR/dB  SSIM LPIPS PNSR/dB  SSIM LPIPS PNSR/dB  SSIM LPIPS
NeRF(Mildenhall %5 ,2020) 10.7736 0.5986 0.7201 18.1533 0.7315 0.3392 22.7524 0.8204 0.2206
InfoNeRF (Kim 4,2022) 124769 0.5688 0.5232 182521 0.7327 03263 229712 08526 0.2177
RegNeRF (Niemeyer 25 ,2022) 13.9007 0.6144 05057 18.6231 0.7488 03178 223227 0.8358 0.2258
DS-NeRF(Deng % ,2022) 14.4523 0.6432 04527 189834 0.7682 0.2934 214563 0.8129 0.2313
DDPNeRF (Roessle 55,2022) 159353 0.7424 03104 20.6334 0.7956 0.2536 22.6829 0.8424 0.2171
RGBD-NeRF( Yuan %,2023) 148579 0.7289 03856 19.5673 0.7842 0.2783 219345 0.8314 0.2156
SparseNeRF(Wang 55,2023) 142356 0.6834 04323 203546 0.7534 0.2841 234642 0.8723 0.2035
AL 16.1053 0.7608 0.3064 21.8871 0.8351 0.2291 23.5294 0.8704 0.2018

T LSRR 5 8 B A2 2R

Replica

PNVS

(a) NeRF (b) DS-NeRF

(c) SparseNeRF

(d) DDPNeRF

(e) AL

B3 ARSCR S A B A & R S B 2 R H

Fig. 3 Comparison of experimental results of novel view synthesis

((a) NeRF; (b) DS-NeRF; (c¢) SparseNeRF; (d) DDPNeRF; (e) ours; (f) ground truth)
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Table 2 Comparison results of ablation study

Sy Fi#l  PNSR/AB  SSIM  LPIPS RMSE
A wlosample 21.0787 0.8072 02469 0.2926
B wlognll 197012 0.7851 02717 03426
C wloprob 209001 0.8035 02638 02535
D wlodist  21.2123 0.8197 02376 0.2356
E A 21.8871 0.8351 02291 0.2234
T I AR RIR A e AR5 . who XARZRBIR XL

3.4.3  HliEim A BRI
AR SCHE— 2 B T SR AE BRI A R 1Y
T YO o FE A UECE 45 PNVS Hrali 47 703t
I B A AL EE 1 4 S &, B e il ad S2Net (Li
85 ,2023) AT IR BE AR T o 7 RS YIS A B O
0.2~0. 3 m (93 FEl N HEAT T #0196 B, I 530
A B E R A SR A A B % OmniNeRF
(Hsu % ,2021) .360FusionNeRF ( Kulkarni %5 , 2023)
AT T HeE . SR EE R E s i, ZERER, A
SC5 VR AR AL BRAN T J5 1 R A . 1M OmniNeRF
1 360FusionNeRF J5 1 AR it 1 i 1% B2 A 8 e #5052
SO ot AR o AR SO IR FEAT TR
HA — WS FE5IAT AW A 5 42 (4 T
AR A H N A T g, 5
360FusionNeRF #H Lt , 4% 3CJ5 % 1) PSNR ML 21. 15 dB
P+ % 23,52 dB. Rt A S BT, RMSE 475 AT
iKF) 0. 24 m, MRARBEATF B A N R E A 45 R .
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Fig. 4 Results of ablation study
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(a) OmniNeRF

2 N
(b) 360FusionNeRF

BI5 ARSI A SR AE RN ZR R A TE e 2 SR Xt L
Fig. 5 Comparison of rendering results with a single training image ((a) OmniNeRF; (b) 360FusionNeRF; (¢) ours)
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Fig. 6 PNSR with different number of training images
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Fig. 7 RMSE with different number of training images
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Fig. 8 Results of outdoor rendering images ((a) rendering views; (b) ground truth; (¢) rendering depth)
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Fig.9 Results of WanHuaTong dataset ((a) training views; (b) rendering views; (c¢) real-time rendering)
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