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Abstract: Neural Radiance Fields (NeRF) shows impressive results in novel view synthesis under normal illumination. However, in
low-light scenes, the limited pixel values reduce the influence of volume density in rendering, leading to inaccurate radiance field
learning. To address this issue, we propose a Density-Driven NeRF that improves performance in low-light conditions. Our method
uses a pre-trained NeRF on normal-light images as a density teacher and applies the L2 loss to encourage the student network to match
the teacher’s predicted density. This leads to accurate volume rendering despite limited visual cues. Experimental results on synthetic
low-light datasets show that our approach improves RGB image quality evaluated by PSNR, SSIM and LPIPS, and yields better
geometric consistency assessed by RMSE and §-accuracy of the predicted density.
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Fig. 1. Result of visualizing the radiance field of NeRF trained on normal illumination and low-light images as a point cloud.
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Fig. 2. Architecture of the proposed network.
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Fig. 3. The Pair of normal-light and low-light images.
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Fig. 4. Generated RGB images and disparity maps visualized by density.
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Fig. 5. Image generation results of the existing NeRF and the proposed method.
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Fig. 6. Frontview of the radiance field visualized as a point cloud.
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Table 1. Quantitative experimental results.
Method NeRF Density-driven NeRF (ours)
Data Min Max Avg. Min Max Avg.
PSNR A 25.54 29.44 28.05 26.34 29.29 28.14
RGB SSIM A 0.781 0.863 0.839 0.816 0.879 0.859
LPIPS V¥ 0.379 0.427 0.399 0.344 0.385 0.363
Fern RMSE ¥ 9.753 10.788 10.419 1.910 9.613 3.107
. 61 A 0.000 0.002 0.000 0.068 0.979 0.891
Density 5, A 0.000 0.002 0.000 0.811 0.995 0.963
6; A 0.000 0.002 0.000 0.915 0.998 0.974
PSNR A 27.23 33.12 31.63 28.49 32.38 31.05
RGB SSIM A 0.810 0.892 0.868 0.810 0.873 0.847
LPIPS V¥ 0.257 0.373 0.293 0.295 0.361 0.319
Flower RMSE ¥ 8.936 10.085 9.602 1.953 4.137 2.587
. 61 A 0.072 0.420 0.271 0.765 0.988 0.956
Density 5, A 0.154 0.678 0.478 0.969 0.997 0.994
6; A 0.255 0.881 0.642 0.993 0.999 0.998
PSNR A 20.66 25.19 23.65 21.06 24.66 2343
RGB SSIM A 0.657 0.784 0.749 0.686 0.797 0.768
LPIPS V¥ 0.356 0.421 0.378 0.337 0.407 0.360
Leaves RMSE ¥ 7.390 8.397 7.820 1.845 2.453 2.051
Density 61 A 0.014 0.117 0.065 0.596 0.903 0.820
6, A 0.026 0.263 0.130 0.837 0.976 0.949
6; A 0.037 0.436 0.204 0.934 0.990 0.980

a¥ 7. ZRIE SERER AAERE APEe] S B
Fig. 7. Side view of the radiance field visualized as a point cloud.
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