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Abstract: Objective Modeling real-world scenes from image data and generating photorealistic novel views introduce great
challenges within the fields of computer vision and graphics. Neural radiance field (NeRF) and its extensions have
emerged as highly successful approaches for addressing this challenge by leveraging neural radiance fields. However, these
methods frequently reconstruct radiance fields across the entire space using global multi-layer perceptions (MLPs) through
ray marching, which results in prolonged reconstruction times. This delay is primarily attributed to the slow fitting of per-
scene networks and the excessive sampling of extensive empty spaces. To solve these problems, neural radiance field repre-
sentation based on point clouds is proposed, which uses 3D points to model the scene. Unlike NeRF, which relies purely
on per-scene fitting, this method can be efficiently initialized by a feed-forward deep neural network pretrained across

scenes. Furthermore, ray sampling in an empty scene space is avoided by utilizing a classical point cloud that approximates

ks B #A:2024-11-15; 18 B B #1:2025-02-07 ; W ED 24 B #7:2025-02-14

« BEMEE X liuyang2254399194@163.com

ELTH: X ARBFEILETH (61601213) ;1 TAHE T E A H (1J212410147003) 3 11 T TREH AR K2R ZEFTE B A bR &
P85 & W H (YJY-XD-2023-003)

Supported by: National Natural Science Foundation of China (61601213) ; Key Project of the Education Department of Liaoning Province
(LJ212410147003)



3347
B, X, F4E, HEIE, RER, BB, NFH
§630% /55 10 43 /2025 £ 10 A MERB=EERNFAA G T

the actual scene geometry. However, the neural radiance field representation based on point clouds is affected by the qual-
ity of the point cloud, and the influence of extracted image features leads to a decrease in the rendering quality of new per-
spective images. To this end, a novel-view synthesis method integrating local spatial information is proposed from the two
key points of aligning point cloud features and fusing local point cloud context information field. Method The network archi-
tecture in this study comprises neural networks for point cloud generation and neural radiance fields based on point clouds.
The point cloud and confidence are produced by the depth prediction network in the neural network component for point
cloud generation. The image is processed using the feature pyramid network to extract features at different scales. The neu-
ral alignment module for point cloud features is subsequently employed to integrate the feature derived from the point cloud
and the image. The features are aligned to extract the semantic information of the image. This step enables the network to
more effectively adjust to the structural and textural characteristics of various scene images. Neural point clouds are created
by mixing points, confidence levels, and image features. In the neural radiance field network structure based on point
clouds, the RGB value and volume density of the sampling point are predicted by aggregating the neural point cloud fea-
tures near the sampling point. This experiment utilizes the Transformer layer combined with the contextual information of
the local neural point cloud to better capture the spatial and geometric shape details, and it outputs high-quality synthetic
images through volume rendering. Result This experiment establishes the environment on the Ubuntul8. 04 system to
assure the reliability of the training and testing procedure. The CPU is an Intel Core 19-10900, the memory capacity is
32 GB, and the graphics card is an RTX 3090. The experiment primarily uses the peak signal-to-noise ratio (PSNR) as the
metric for evaluating the test results. It also utilizes the structural similarity index measure and the learned perceptual
image patch similarity. Network training uses the Adam algorithm for adaptive learning rate optimization. By dynamically
adjusting the learning rate, the network can more effectively balance the convergence speed and stability during the training
process. The initial learning rate is set to 0. 000 5, and the decay rate parameters are set to 0. 9 and 0. 99. Four widely uti-
lized datasets(DTU, NeRF Synthetic, Tanks and Temples, and ScanNet)will be utilized in the experiment. DTU is a data-
set comprising indoor scenes. Each scene is composed of 49 object photography angles, with 7 brightness levels per angle,
and has a resolution of 512 pixels by 640 pixels. NeRF Synthetic is a synthetic dataset containing eight scenes, each with
100 training images and 200 test images. These images are fully rendered and synthesized by Blender. ScanNet is an inte-
rior scanning dataset. Scenes 241 and 101 will be applied to the evaluation. A total of 20% of the total image count will be
allocated for training objectives (1 463 images for Scene-241 and 1 000 images for Scene-101) , with the remaining images
being utilized for evaluation purposes. The Tanks and Temples dataset is an extensive collection of indoor scene data and
comprises 14 distinct scenes. Experimental results show that, for the Tanks and Temples datasets containing only a single
object, the PSNR of this method is improved by 19.2% compared with the NeRF method. The ratios are enhanced by
6. 4% and 3. 8% compared with those obtained by Tetra-NeRF and Point-NeRF using point cloud input, respectively. Even
in the ScanNet dataset with more complex scenes, the ratios are improved by 34. 6% and 2. 1% compared with the NeRF
method and Point-NeRF, respectively. Conclusion This study presents a novel-view synthesis method integrating local spa-
tial information that, in conjunction with a neural alignment module for point cloud features, dynamically modifies the
alignment characteristics of a neural point cloud. When the points correspond to aligned features, our approach can
enhance the precision of this procedure through the extraction of features from images at various dimensions along with the
semantic information they encompass. The neural Transformer module based on point clouds enhances the capability of the
network to extract spatial position and geometry information from the neural point cloud by incorporating context information
from nearby sampling points. This improved efficiency is particularly useful when dealing with points of different qualities
and shapes. The experimental results for the Tanks and Temples, Synthetic Blender, and ScanNet datasets show that this
method outperforms existing advanced neural radiation field representations based on point clouds in terms of visual effects
and assessment indicators. Overall, the method outlined in this document improves the combination of point clouds and
image characteristics. It utilizes the contextual information found in local point cloud features to assist the network in merg-
ing sparse point cloud features. This process leads to more lifelike and unique details in the resulting image. Moreover,
high-quality scene images are produced from input images that contain only a small number of shots.
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’ (14)

L. = mz[log(yi) +log(1-v)] (15)
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5 45t T 7E Synthetic Blender £ 4 b £ 7 X}
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*1 AREFETE NeRF Synthetic #3E4 I PSNR
Table 1 PSNR of different methods on the NeRF Synthetic dataset

PSNR/dB
Irik

Chair  Drums Ficus Hotdog Lego  Materials ~ Mic  Ship ¥
NPBG*(Aliev %5 ,2020) 2647 2153 2460 2901 2484 2158 2662 21.83 24.56
NPBG++*(Rakhimov % ,2022) 2872 2360 28.11 3222 2784 2712 3123 2611 28.12
NeRF(Mildenhall 25 ,2020) 33.00 2501 30.13 368 3254  29.62 3291 2865 31.01
NSVF(Liu % ,2020) 3319 2518 3123  37.14 3254 32,68 3427 2793 31.77
Instant-NGP(Miiller 2§, 2022) 3500 2602 3351 3740 3639 2978 3622 31.10 33.18
Gauss. Splat.* (Kerbl 4 ,2023) 3583 26.15 34.87 3772 3578 3000 3536 30.80 33.32
FreqPCR*(Zhang %5 ,2023) 33.06 2595 3219 3582 3156  29.69  33.64 2797 31.24
Point-NeRF*(Xu % ,2022b) 3540 2606 36.13 3730 3504 2961 3595 3097 3331
Tetra-NeRF#(Kulhanek Fl Sattler,2023) 3505 2501 3331 3616 3475 2930 3549 3113 3253
LHCN*(Govindarajan %5 ,2025) 3561 2567 3389 3723 356 2963 3645 30.84 33.12
A 3547 2617 3627 3722 3556 3007 3640 3046 33.45

E IR R RIZ TR IR SR RS R " Fon B T R B T

2N 3 45 AN [R5 HE AR H 5237 5 Tanks and
Temples I ScanNet 45 4 ¥ XF L5 R . T H5L
SRR S BRI R A PERE R EO GBS R A5,
B AW R AEE, Tetra-NeRF il 106 15 =
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{ELAY D7 AR IBOR A R AR, ol PR &5 R BE 1
Il /D 23 3 1 7 A E TR I 2 25 2R Ry B S0 3 A T
ARSI P25 15, 25 Transformer B TC T X 5 2= i

FTRAMEAE  BE T R 28 5 2 14 Jmy R A7 5 i
HERFIEAR B 5 R P J=) A 400 1 A 21 B o
5% 2 fr7R , AR 3CJ7 1 7F Tanks and Temples £ 4

I ) PSNR F1 SSIM #4 B 15 T e 4f 19 45 4, Horp
LPIPS fUAI& T Tetra-NeRF, [Kl 1t 5 HoAth [a] 28 54 S 1k )7
DAL, AR S5 AR % B A A A B L S s MR
A BRIz A, & s BUGR B AR, 5 B A1)
PR ARBLRE 38, 161 6 A il IRAb X HE 26 2 .
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Ficus

(b) NPBG (¢) Point-NeRF (d) Tetra-NeRF - (e) AL A (f) BAH

B
(@) H5% (Aliev %,2020)  (Xu £, 2022b) (Kulhanek Fl Sattler,
2023)

&5 Synthetic Blender A] ¥ Ak 5L 56 45
Fig. 5 Visual experimental results on Synthetic Blender ((a) scenes; (b) NPBG (Aliev et al. , 2020);
(¢) Point-NeRF (Xu et al. , 2022b); (d) Tetra-NeRF (Kulhanek and Sattler, 2023); (e) ours; (f) ground truth)

+R2 AEFET Tanks and Temples #3E & FHER
Table 2 Results of different methods on the Tanks and Temples dataset

WARES PSNR/dB SSIM LPIPS
NPBG*( Aliev%%,2020) 25.97 0.889 0.137
NPBG++*( Rakhimov %,2022) 26.04 0.892 0.130
NeRF (Mildenhall % ,2020) 25.78 0.864 0.198
Point-NeRF*(Xu % ,2022b) 29.61 0.954 0.080
Gauss. Splat.*(Kerbl % ,2023) 23.14 0.841 0.183
FreqPCR*(Zhang % ,2023) 27.79 0.902 0.125
Tetra-NeRF*(Kulhanek 1 Sattler, 2023 ) 28.90 0.957 0.059
A3 30.74 0.971 0.061

T L PSRRI R A R " ORI T i i Tk

R3 AEFHEEScanNet HIEET TN H= LS

Table 3 Results of different methods on two ScanNet scenes

. [ 7B IR iy 7 Y5 PSNR/dB
i PSNR/dB SSIM LPIPS Scene-101 Scene-204
NeRF(Aliev45,2020) 22.99 0.620 0.369 - -
NSVF(Liu%,2020) 25.48 0.688 0.301 - -
Point-NeRF*(Xu %5 ,2022b) 30.32 0.909 0.220 30.13 30.51
AL 30.95 0.926 0.218 30.74 31.16

TE R AR IR S I e LA 2R " FoR B T Rl 7 i, =" o B R kA
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NSVF ., Point-NeRF 7E H £ 45 £ b 47 X L5256, 4
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FAXT P A Ge i 22 56 55 ) NeRF FLHE TR R 19 5
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T AE I N RS AR BT FRAR I 25 L . AR SOTT
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PSNR =29.07 dB

Caterpillar

L T8 7

(a) Y (b) Point-NeRF
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(¢) Tetra-NeRF (d) AL

B1E Scene-101 F Scene-204 P37 5 b BB bk
(PSNR. SSIM. LPIPS) ¥ fl. T Point-NeRF, 43 %l 24
30. 95 dB.0. 926.,0. 218, 345 T e A48
725 1T A 5 ¥ 5 Point-NeRF £ Synthetic
Blender 54 4 ' Lego . Ficus . Drums % 5% I~ PSNR {f
TR EE R . S5 R R AT Y s R, 5
Point-NeRF At , 245 SCT7 VL AEAS [F] 3 5% T 90 4R Ak 11

PSNR =28.08 dB

PSNR =30.52 dB

PSNR =30.02 dB

(e) FE

(Xu %, 2022b) (Kulhanek FllSattler, 2023)
6 Tanks and Temples FJ AL 3256 45 H

Fig. 6  Visual experimental results on Tanks and Temples

((a) scenes; (b) Point-NeRF (Xu et al. , 2022b); (¢) Tetra-NeRF (Kulhanek and Sattler, 2023); (d) ours; (e) ground truth)
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Fig. 7 The training performance on validation set
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Table 4 Ablation experiments: the effect of different modules on datasets

Synthetic Blender

Tanks and Temples

ok PSNR/dB SSIM LPIPS PSNR/dB SSIM LPIPS
BEAE R 2% 33.21 0.975 0.051 29.59 0.952 0.084
P2 i 2 FRIE XS SR 33.31 0.976 0.048 29.95 0.954 0.072
122 55, 23 Transformer fRLR 33.42 0.977 0.047 30.13 0.959 0.063
TEHE R 2% 33.45 0.979 0.045 30.74 0.971 0.061

T L P RS R 5 8 R Al 2

() Yt

(b) FifE L%

Nx
- | -
B ALY

(C) HIZE i IR AR

(d) SEREPILS (e) B

KIS IR RS AL

Fig. 8 Visualization results of ablation experiments

((a) scenes; (b) baseline network; (¢) neural point feature alignment module; (d) ours; (e) ground truth)
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