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Scene NeRF

Training the scene NeRF model by reconstructing the background pixels detected by Mask-RCNN

X ' | Scene NeRF
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1. RGB Reconstruction Loss

Ly rgp(r) = (1= M(r)) Hcs(") _ @(r)H ~ Toml Scene Loss
2. Empty Loss Ls — Es,rgb (r) + Aemptyﬁs’empty (r) :

Loompy®) = [ o () dt.
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Human Branch — Human NeRF

1. RGB Reconstruction Loss
Lnrop(r) = M(x) [Ca(x) - E@)|| |

2. Mask Loss
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3. SMPL Loss
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Lsmpl(Xf,0n) = 1= on - :
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4. Hard Loss

Lhard = - log(e—lwl + e_ll_wl)

[CVPR 2022] LoLNeRF
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Human Branch — Human NeRF

1. RGB Reconstruction Loss
Lnrop(r) = M(x) [Ca(x) - E@)|| |
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Experiments

e [ataset Sequence Total Frames Train Frames Validatation Frames Test Frames
1 41 4 4
Neuman Dataset %?::25 a7 gg . 3
Parking 42 34 4 4
Bike 104 83 11 10
Jogging 102 82 10 10

Lab 103 82 11 10

* FEvaluation metrics

 PSNR
« SSIM
* LPIPS
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Novel view synthesis comparison

Seattle Citron Parking
PSNR?t SSIM1t LPIPS| PSNR1 SSIM1 LPIPS] PSNR1t SSIM1 LPIPS|)

NeRF-T 21.84 0.69 0.37 1233 0.49 0.65 21.98 0.69 0.46
HyperNeRF 16.43 0.43 0.40 16.81 0.41 0.56 16.04 0.38 0.62

Ours 23.98 0.77 0.26 24.71 0.80 0.26 25.43 0.79 0.31

Bike Jogging Lab
PSNRf SSIM1 LPIPS| PSNR?T SSIM1 LPIPS] PSNR?t SSIM?T LPIPS]

NeRF-T 21.16 0.71 0.36  20.63 0.53 0.49 20.52 0.75 0.39
HyperNeRF 17.64 0.42 0.43 18.52 0.39 0.52 16.75 0.51 0.23

Ours 25.52 0.82 0.23 22.68 0.67 0.32 24.93 0.85 0.21

HyperNeRF
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Ablation Studies
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