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Train a neural network to represent the plenoptic function

Inputs: sparsely sampled images of scene Outputs: new views of same scene

Slide credit: Jon Barron



Volumetric “fog” model: Every 5D input gets mapped to Color and Density

Train a neural network to represent the plenoptic function



Train a neural network to represent the plenoptic function



NeRF rendering
• At every point (and direction) in 

space NeRF gives you the color 
and density: (𝑐! , 𝜎!) 

• Need to integrate these values 
along a viewing ray to render a 
pixel

• Idea: sum how much light reaches 
each point ∗ visibility ∗ color



How to render a pixel: Volume rendering
<latexit sha1_base64="KvGRNoaFy7oKSvq4MTjDhwJc9eI="></latexit>

r(i) = ~o+ i~dGiven: a ray
<latexit sha1_base64="dcjaaDd0rvjYetczPFvHe5Xkgv4=">AAACn3icbVFdSxwxFM2M/bDTD9f62D6kXRZ2aVlmRGpfBNGHFmplC65adtYhk824wUwyJHfUJeRv9Yf0rf+mmXEpVr0QODnnXk5ybl4JbiCO/wThyqPHT56uPouev3j5aq2z/vrYqFpTNqZKKH2aE8MEl2wMHAQ7rTQjZS7YSX6x3+gnl0wbruQRLCo2Lcm55AWnBDyVdX71vp/Z/ubAZRD10qM5A5KBZ5KB+4hv3X2H10sCc0 qEPXCZTYFdg9WMKmnAOfwBPyCXqrFxLtrvt0ReWO0GOCVVpdU1Tk1dZpa7M3vo8FXGMc24t/nX2ecDvIPTS0atahx4C2cuyjrdeBi3he+DZAm6aFmjrPM7nSlal0wCFcSYSRJXMLVEA6eCuSitDasIvSDnbOKhJCUzU9vm63DPMzNcKO2PBNyytycsKY1ZlLnvbCIwd7WGfEib1FB8nlouqxqYpDdGRS0wKNwsC8+4zxfEwgNCNfdvxXRONKHgV9qEkNz98n1wvDlMPg23fmx1d/eWcayiN+g96qMEbaNd9BWN0BjR4G2wF3wLDsJ34ZfwMBzdtIbBcmYD/Vfhz79KIczj</latexit>

C(r) ⇡
NX

i

wici
<latexit sha1_base64="XVUQpNBJvxhGLkh9sQluartZCvs="></latexit>

wi = Ti↵i

Transmittance (𝑇!): how much light reaches point 𝑖

<latexit sha1_base64="CZ8h5jfo1E468IT1rI4dvoao7cs="></latexit>

�i

Alpha (𝛼!): How much light a ray segment contributes

<latexit sha1_base64="7X/0lLBY7UIvtHY173TR8AQQd7Q="></latexit>

(ci,�i)At every point you know: 
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wici
<latexit sha1_base64="XVUQpNBJvxhGLkh9sQluartZCvs="></latexit>
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�i

Alpha (𝛼!): How much light a ray segment contributes
<latexit sha1_base64="tlYOMjRcUHf1i+pY00dP/tbhKvc="></latexit>

↵i = 1� exp(��i�i)

<latexit sha1_base64="7X/0lLBY7UIvtHY173TR8AQQd7Q="></latexit>

(ci,�i)At every point you know: 

Alpha ranges from 0 (lowest density) to 1 
(highest density)
• If 𝜎! = 0, then exp −𝜎! = 1 and 𝛼! = 0

(assuming 𝛿! = 1)
• If 𝜎! = ∞, then exp −𝜎! = 0 and 𝛼! = 1
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Transmittance (𝑇!): how much light reaches point 𝑖

Ti =
i�1Y
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Training: Optimization with reconstruction lossOptimize with gradient descent on rendering loss

min
Ω ∑

i
∥render(i)(FΩ) − I(i)

gt ∥2

Ω



Example results





Viewpoint-dependent effects



Viewpoint-dependent effects



Rendering depth
• Depth is given by expected ray termination



Because it 
models the entire 
plenoptic 
function you can 
insert objects 
with proper 
occlusion effects
(in contrast to 
lightfields)



Extract surface on high density regions



Improving results quality with Fourier features

M. Tancik et al. Fourier Features Let Networks Learn High Frequency 
Functions in Low Dimensional Domains. NeurIPS 2020

https://bmild.github.io/fourfeat/index.html
https://bmild.github.io/fourfeat/index.html


NeRF limitations
● Expensive / slow to train and render
● Sensitive to sampling strategy
● Does not generalize between scenes
● Sensitive to pose accuracy
● Assumes static scene
● Assumes static lighting and camera focus
● Not a mesh



NeRF explosion

https://github.com/yenchenlin/awesome-NeRF

https://github.com/yenchenlin/awesome-NeRF


NeRF in the wild

R. Martin-Brualla et al. NeRF in the Wild. CVPR 2021 

https://nerf-w.github.io/


NeRF from one or few images

A. Yu et al. PixelNeRF: Neural Radiance Fields from One or Few Images. CVPR 2021

Three input views PixelNeRF 3-view NeRF

https://alexyu.net/pixelnerf/


NeRF from one or few images

A. Yu et al. PixelNeRF: Neural Radiance Fields from One or Few Images. CVPR 2021

https://alexyu.net/pixelnerf/


NeRF from one or few images

A. Yu et al. PixelNeRF: Neural Radiance Fields from One or Few Images. CVPR 2021

https://alexyu.net/pixelnerf/


NeRF without calibration

Z. Wang et al. NeRF--: Neural Radiance Fields Without Known Camera Parameters. arXiv 2021 

https://nerfmm.active.vision/


NeRF without calibration

W. Bian et al. NoPe-NeRF: Optimising Neural Radiance Field with No Pose Prior. CVPR 2023

https://nope-nerf.active.vision/


NeRF without calibration

W. Bian et al. NoPe-NeRF: Optimising Neural Radiance Field with No Pose Prior. CVPR 2023

https://nope-nerf.active.vision/


Fast inference: Plenoxels

S. Fridovich-Keil et al. Plenoxels: Radiance Fields without Neural Networks. CVPR 2022

https://alexyu.net/plenoxels/
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3D Gaussian splatting

B. Kerbl et al. 3D Gaussian Splatting for Real-Time Radiance Field Rendering. SIGGRAPH 2023

Figure source

https://repo-sam.inria.fr/fungraph/3d-gaussian-splatting/
https://huggingface.co/blog/gaussian-splatting
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B. Kerbl et al. 3D Gaussian Splatting for Real-Time Radiance Field Rendering. SIGGRAPH 2023
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3D Gaussian splatting without calibration

Y. Fu et al. COLMAP-Free 3D Gaussian Splatting. CVPR 2024

https://oasisyang.github.io/colmap-free-3dgs/


3D Gaussian splatting without calibration

Y. Fu et al. COLMAP-Free 3D Gaussian Splatting. CVPR 2024

https://oasisyang.github.io/colmap-free-3dgs/https:/oasisyang.github.io/colmap-free-3dgs/


Text-to-NeRF generation

B. Poole, A. Jain, J. Barron, B. Mildenhall. DreamFusion: Text-to-3D using 2D Diffusion. ICLR 2023

https://dreamfusion3d.github.io/


Text-to-NeRF generation

B. Poole, A. Jain, J. Barron, B. Mildenhall. DreamFusion: Text-to-3D using 2D Diffusion. ICLR 2023
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Othe NeRF-related topics

https://github.com/yenchenlin/awesome-NeRF

https://github.com/yenchenlin/awesome-NeRF

