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Abstract: Neural radiance fields (NeRF) has emerged as a leading technique in 3D scene re-
construction. However, it suffers from artifacts and insufficient capacity for fitting high-fre-
quency signals. To address these issues, a lightweight Transformer model was introduced to
mitigate artifacts, in which the Attention mechanism was leveraged to filter input features.
To enhance the fitting of high-frequency signals, a prime-based hybrid encoding method was
designed, which incorporated Gaussian encoding into the original positional encoding and re-
placed standard high-frequency components with encodings based on multiple prime num-
bers. By integrating two approaches, experiments were conducted on the NeRF-synthetic
and NeRF-LLFF datasets. The results demonstrate that the proposed method achieves im-
provements in both PSNR and SSIM metrics, validating its effectiveness.
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. NeRF NeRF+ Transformer NeRF+ R A 4t il AL
HR PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM
Lego 31. 1024 0. 9681 31. 5802 0.9714 31. 1801 0. 9694 31. 2588 0. 9700
Flower 27,2047 0. 8918 27.0718 0. 8894 27.2535 0. 8948 27. 3563 0. 8967
Room 31. 2377 0. 9659 31.4137 0. 9669 31. 4091 0. 9672 31. 5142 0.9673
Horns 26. 4006 0. 8778 26. 3494 0. 8759 26. 3856 0. 8773 26. 4270 0. 8782
Trex 25.6112 0. 9035 25. 6925 0. 9026 25.9176 0. 9081 25.9333 0. 9083
Avg 28.3113 0.9214 28. 4215 0.9212 28.4292 0.9234 28. 4979 0.9241

1 : PSNR(Peak Signal-to-Noise Ratio) , WE{E {5 Lt , A T A& R B i i 5 SSIM(Structure Similarity Index Measure) , 4%
FARE LS 250 S W UG S84 5 B AR BE
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