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Appearance Enhancement and Semantic Segmentation-based Neural Radiance Fields

CAO Mingwei, HUANG Baolong and ZHAO Haifeng
School of Computer Science and Technology, Anhui University, Hefei 230601, China

Abstract The accelerated advancement of deep learning has notably propelled 3D reconstruction techniques within the field of
computer vision. NeRFs have become an essential methodology due to their adeptness at scene modeling and superior view syn-
thesis. However, challenges persist in dynamic environments, particularly in managing intricate lighting variations and transient
object interference. Alterations in imaging conditions may lead to inconsistent scene appearances,thereby degrading the quality of
view synthesis. Concurrently,dynamic elements can adversely affect the photorealism of reconstructed scenes. To mitigate these
issues, this paper introduces an AS-NeRF. By incorporating {requency regularization and composite positional encoding into the
sampling strategy, AS-NeRF enhances the efficiency of appearance feature fusion,thereby augmenting the model’s adaptability to
variations in lighting and camera parameters. This subsequently improves color consistency and overall rendering realism. Addi-
tionally,a lightweight segmentation network is utilized to predict transient visibility masks in an end-to-end manner, effectively
isolating dynamic objects and reducing their impact on view synthesis quality. The efficacy of AS-NeRF is verified through experi-
ments conducted on the Photo Tourism datasets, which are compared qualitatively and quantitatively with several existing me-
thods. The experimental results demonstrate that AS-NeRF surpasses existing approaches in terms of synthesis accuracy and fur-
ther confirms the accuracy of the computed segmentation masks in distinguishing transient objects.

Keywords Neural radiance fields, View synthesis, Neural rendering.3D reconstruction
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Table 1 Quantitative comparison of AS-NeRF and state-of-the-art methods on the Photo Tourism dataset
. Brandenburg Gate Sacre Coeur
PSNR 4 SSIM 4 LPIPS Y PSNR 4 SSIM 4 LPIPSY
NeRFL 18.90 0.816 0.232 15. 60 0.716 0.292
NeRF-wl2! 24,17 0.891 0.167 19. 20 0.807 0.192
Ha-NeRFL3] 24,04 0.877 0.139 20. 02 0.801 0.171
SF-NeRF (51 (30-fews) 23.23 0. 846 0.178 19. 64 0.757 0.186
IE-NeRFL1] 25.33 0.898 0.158 20. 37 0.861 0.169
AS-NeRF(Ours) 25.65 0. 880 0.112 20. 80 0.816 0.149
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Fig.5 Qualitative analysis results of AS-NeRF and state-of-the-

art methods on the Photo Tourism dataset
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Fig. 6 Mask segmentation results of AS-NeRF and state-of-

the-art methods on the Photo Tourism dataset
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Fig. 7 Appearance visualization results of AS-NeRF on the Photo

Tourism dataset
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Table 2 Ablation results on the Brandenburg Gate dataset

VRS PSNR(*) SSIM(A) LPIPS(y)
#* % 24,04 0.877 0.139
AS-NeRF-A 24. 48 0.887 0.116
AS-NeRF-T 24. 85 0.888 0.120
AS-NeRF 25.65 0. 880 0.112
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Table 3 Ablation results of PSNR with respect to the regularization

weight
A Brandenburg Gate
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