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Neural radiance field optimization based on
Fourier frequency domain truncation

YIN Zezhong'?, GUO Maozu'?, TIAN Le'?

(1. School of Electrical and Information Engineering, Beijing University of Civil Engineering and Architecture, Beijing 100044,
China; 2. Research on Intelligent Processing Method of Building Big Data Beijing Key Laboratory, Beijing University of Civil Engin-
eering and Architecture, Beijing 100044, China)

Abstract: Neural radiance field (NeRF), as a general method of scene expression, can better understand the three-di-
mensional (3D) world and create a more realistic sensory experience. However, in practical application, it is a common
problem that less input images lead to poor reconstruction effect. Thus, a sparse-view neural radiance field (Sv-NeRF) is
proposed in this study based on Fourier frequency domain truncation. The position coding mechanism of NeRF is optim-
ized by truncating the input frequency in the frequency domain space and applying a regularization strategy to control
the input of high-frequency signals. This method effectively reduces high-frequency noise and retains key details to im-
prove the quality and stability of rendering. Compared with other methods, the proposed method improves the ability of
the model to understand the scene significantly, and improves the rendering quality and detail preservation ability. It is

especially suitable for scene reconstruction from the sparse input perspective.
Keywords: neural radiance field; frequency domain truncation; Fourier transform; 3D reconstruction; sparse view; fine

rendering; positional encoding; scene representation
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Fig. 5 Comparison of rendering effects between Sv-NeRF and other methods
£1 EWEA6KBH R FHERE R L
Table 1 Comparison of experimental results when only 6 photos are input
i i A PSNR?t SSIM? LPIPS|
Wil g2 BE3 BE R R3S g2 RS
NeRF 6-views 7.83 8.37 6.10 0.535 0.527 0.603 0.372 0.442 0.519
mipNeRF 6-views 15.88 16.32 15.19 0.657 0.642 0.581 0.391 0.365 0.372
pixelNeRF 6-views 20.24 19.32 19.58 0.810 0.753 0.792 0.293 0.374 0.289
MVSNeRF 6-views 18.73 17.99 19.72 0.772 0.695 0.845 0.192 0.264 0.243
RegNeRF 6-views 20.44 20.85 20.19 0.648 0.702 0.682 0.232 0.196 0.202
SparseNeRF 6-views 20.10 21.38 20.97 0.718 0.684 0.698 0.219 0.210 0.193
Sv-NeRF 6-views 21.37 21.59 21.18 0.814 0.734 0.769 0.183 0.201 0.197
R2 EHF2TANIGCIKBABERTHERILL
Table 2 Comparison of the results when 3, 6 and 9 photos are input in scene 2
i PSNR?® SSIM? LPIPS|
3-views 6-views 9-views 3-views 6-views 9-views 3-views 6-views 9-views
NeRF 5.83 8.37 11.56 0.215 0.527 0.674 0.731 0.442 0.368
mipNeRF 8.66 16.32 19.31 0.531 0.642 0.749 0.451 0.365 0.172
pixelNeRF 16.95 19.32 20.73 0.652 0.753 0.788 0.433 0.374 0.258
MVSNeRF 15.02 17.99 21.05 0.602 0.695 0.791 0.326 0.264 0.218
RegNeRF 17.31 20.85 23.17 0.660 0.702 0.853 0.271 0.196 0.103
SparseNeRF 18.85 21.38 23.63 0.624 0.684 0.768 0.257 0.231 0.093
Sv-NeRF 19.11 21.59 24.35 0.632 0.734 0.871 0.252 0.201 0.059
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Fig. 6 Rendering results of different high-frequency signal input ratios
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Fig. 7 Rendering results of Sv-NeRF method in multiple scenes
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