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Abstract

This study aims to address the high-frequency representation limitations of Neural Light Fields (NeLF) caused by inherent
low-frequency bias by applying three frequency-based representation techniques-Positional Encoding (PE), sine activation functions,
and Fourier Reparameterization (FR)-to the NeLF framework and analyzing their effectiveness. Using the Stanford Light Field
dataset, we construct dense and sparse experimental conditions and compare reconstruction performance among the original NeLF
and three enhanced models (PE, PE+SIN, and SIN+FR). In the dense setting, the PE+SIN model achieves the highest PSNR, while
SIN+FR exhibits similarly strong performance with only a marginal difference. In the sparse setting, PE+SIN suffers a significant
performance drop, whereas SIN+FR shows the most stable reconstruction quality with only a 2.56dB PSNR decrease. These results
confirm that the SIN+FR representation method effectively enhances NeLF’s reconstruction capability and provides robust
performance under reduced viewpoint density.
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Table 1. Comparison of NeLF reconstruction quality in the dense condition
PSNR (dB) SSIM
Original PE PE+SIN SIN+FR Original PE PE+SIN SIN+FR
beans 43.75 43.32 42.60 42.92 0.985 0.984 0.984 0.985
bracelet 37.73 38.93 40.15 40.02 0.985 0.987 0.988 0.989
bulldozer 37.53 38.72 40.75 40.29 0.943 0.946 0.957 0.964
bunny 43.77 43.82 44.24 44.11 0.970 0.970 0.971 0.975
chess 41.49 42.24 42.65 42.23 0.975 0.977 0.980 0.979
flowers 39.50 40.83 41.15 41.08 0.957 0.961 0.962 0.964
gem 40.94 42.08 43.14 42.73 0.969 0.971 0.974 0.975
knights 36.23 36.85 37.73 37.21 0.968 0.972 0.977 0.971
tarot 26.72 26.81 26.72 26.84 0.903 0.906 0.917 0.923
tarot_small 33.70 35.97 38.57 37.97 0.966 0.977 0.987 0.986
treasure 36.02 38.56 38.39 40.36 0.961 0.968 0.968 0.972
truck 41.16 42.50 42.93 42.70 0.957 0.963 0.964 0.964
average 38.21 39.22 39.92 39.87 0.962 0.965 0.969 0.971
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Fig. 3. Qualitative comparison of NeLF reconstruction results in the dense case
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F 2. Sparse =71 CHAF NeLFQ| A7 sl& Ms H|m
Table 2. Comparison of NeLF reconstruction quality in the sparse condition
PSNR (dB) SSIM

Original PE PE+SIN SIN+FR Original PE PE+SIN SIN+FR
beans 40.95 36.40 37.09 41.85 0.978 0.968 0.971 0.982
bracelet 28.61 22.76 29.53 36.50 0.938 0.869 0.959 0.984
bulldozer 31.75 26.59 29.57 37.47 0.887 0.839 0.871 0.943
bunny 40.28 40.82 42.69 43.20 0.953 0.961 0.966 0.968
chess 35.72 35.74 40.93 41.45 0.952 0.960 0.974 0.974
flowers 36.86 36.50 29.22 39.49 0.943 0.946 0.870 0.955
gem 32.12 36.41 38.75 39.45 0.913 0.954 0.964 0.966
knights 29.03 25.75 25.33 31.78 0.880 0.804 0.769 0941
tarot 21.41 13.57 14.47 22.87 0.722 0.288 0.273 0.847
tarot_small 25.78 24.98 33.49 35.43 0.852 0.861 0.968 0.975
treasure 29.24 27.01 33.08 37.82 0.910 0.893 0.945 0.964
truck 3592 39.22 40.35 40.46 0.925 0.952 0.956 0.957
average 32.30 30.48 32.87 37.31 0.904 0.858 0.874 0.955
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Fig. 4. Qualitative comparison of NeLF reconstruction results in the sparse case
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