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Neural Radiance Field (NeRF) (1/2)

* NeRF: Synthesizes novel views of complex 3D scenes from 2D images by
representing the scene as neural networks.

* Input: Multi-view images of a scene

* Output: Novel-view image of the scene
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Figure from [link]


https://www.matthewtancik.com/nerf

Neural Radiance Field (NeRF) (2/2)

* Core Process: Encodes spatial coordinates and viewing directions, outputs color
and density, and applies volume rendering to produce images.
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Figure from [link]


https://www.matthewtancik.com/nerf

What is Generalizable NeRF?
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How Generalizable NeRF works?

* pixel NeRF (CVPR’21)

* Infers novel view of unseen scene from input images using pixel-aligned features.
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https://alexyu.net/pixelnerf/

Our Task

* Enable the generalizable NeRF with novel view semantic segmentation ability.
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Method

— Generalizable Semantic Neural Radiance Fields with Enhanced 3D Scene Understanding

Input Output

Gg: Semantic Geo-Reasoner
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Method

— Generalizable Semantic Neural Radiance Fields with Enhanced 3D Scene Understanding
A. Semantic Geo-Reasoning

O Extract semantic and geometry features from a scene.

B. Depth-Guided Visual Rendering

O Utilize the extracted geometric information to perform depth-guided image and semantic

rendering.
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Method

— Generalizable Semantic Neural Radiance Fields with Enhanced 3D Scene Understanding
A. Semantic Geo-Reasoning

O Extract semantic and geometry features from a scene.
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https://github.com/Boese0601/RC-MVSNet

Method

— Generalizable Semantic Neural Radiance Fields with Enhanced 3D Scene Understanding

O Utilize the extracted geometric information to perform depth-guided image and semantic
rendering.
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Experiment

— Quantitative Evaluation

e ScanNet & Replica Datasets

ScanNet: Real-world 3D indoor scene dataset.

Replica: Synthetic 3D indoor scene dataset.

Experimentation

S-Ray (CVPR '23) uses multi-view GT depth as input. Therefore, we
conduct experiments on our method with and without depth supervision.

Generalized method

| GTDepth |

ScanNet [5]

Replica [30]

‘ Train / Test ‘

mloU acc./classacc. PSNRT SSIMT LPIPS) ‘ mloU acc./classacc. PSNR{ SSIM7T LPIPS|

Neuray [21] + semhead vIiv 52.09 67.81/61.98 25.01 83.07 31.63 | 44.37  79.93/54.25 26.21 87.37 30.93
GeoNeRF [16] + semhead v/ 53.78  76.18/61.90 32.55 90.88 12.69 | 45.12  81.67/52.36 28.70 88.94 20.42
S-Ray [20] vVIiv 55.53  77.791760.92 25.19 83.66 3098 | 4530  80.48/53.72 26.38 88.13 30.04
GSNeRF (Ours) v/ 58.30  79.79/65.93 3133 90.73 12.53 | 51.52  83.41/61.29 31.16 92.44 12.54
MVSNEeRF [3] + semhead 43.06  66.90/53.63 24.14 80.36 34.63 | 30.21 69.35/39.75 23.68 84.37 28.08
GeoNeRF [16] + semhead 45.11 67.12/53.44 30.75 88.27 1648 | 40.35 74.63/49.18 29.92 91.14 17.60
GNT [36] + semhead 4349  62.06/51.84 24.39 82.37 28.36 | 38.14  71.44/47.46 24.56 87.31 20.97
Neuray [21] + semhead 46.09  66.39/53.79 25.24 84.39 31.33 | 4091 76.23/50.15 27.80 89.55 23.68
S-Ray [20] 47.69  64.90/54.47 25.13 84.18 3044 | 4327  77.63/52.85 26.77 88.54 22.81
GSNeRF (Ours) 5221 74.71/60.14 31.49 90.39 13.87 | 51.23  83.06/61.10 31.71 92.89 12.93
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fig: ScanNet

fig: Replica


https://www.google.com/url?sa=i&url=https%3A%2F%2Fpaperswithcode.com%2Fdataset%2Fscannet&psig=AOvVaw208lwx8Wc8mN7oEZq6-z2E&ust=1716354604373000&source=images&cd=vfe&opi=89978449&ved=0CBQQjhxqFwoTCKCO__H9nYYDFQAAAAAdAAAAABAE
https://www.google.com/url?sa=i&url=https%3A%2F%2Fwww.researchgate.net%2Ffigure%2FThe-Replica-dataset-consists-of-18-high-resolution-and-high-dynamic-range-HDR-textured_fig1_333773296&psig=AOvVaw2fcmAg_xzm1lFvSbQLk7js&ust=1716354662434000&source=images&cd=vfe&opi=89978449&ved=0CBQQjhxqFwoTCNCs08P9nYYDFQAAAAAdAAAAABAE

Experiment

— Qualitative Evaluation (generalized setting)
S-Ray GSNeRF (Ours)
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Experiment

— Test time fine-tuning

e Although our primary focus is on generalizability, we also conduct fine-tuning
for both qualitative and quantitative experiments on the ScanNet dataset.

e Generalized Setting: Testing on novel scenes that were not seen during training.

e Fine-tune Setting: Fine-tuning on test scenes for 5k steps (~ 20 minutes) before evaluation.

S-Ray ) GSNeRF (Ours)
: GT Depth ScanNet

Finetuned Method

Train/ Test | mloU acc. /class acc. PSNR
S-Ray vI/v 924 08.2/93.8 27.67
Ours v/ 93.9 99.1/98.4 31.70
S-Ray / 91.6 07.3/92.2 27.31
Ours / 93.2 98.2/96.8 30.89
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Conclusion

* Introducing Generalizable Semantic Neural Radiance Fields (GSNeRF) for
simultaneously novel view synthesis and semantic segmentation.

* Propose innovative depth estimation and depth-guided visual rendering,
outperforms existing methods on real-world and synthetic datasets.
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https://docs.google.com/file/d/1Yyt9j2IIwBceYDAcvhmV9kU9SAdL1cOO/preview
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MVS — Cost Volume

Cost volume is constructed by variance across pixels (of different images)

input image

input image

\\%:ferencc camera




Algorithm

 Target (Novel) view depth estimation
* With multi-view depth estimation
* Projecting all depth predictions into 3D space

* Reprojecting onto the target camera

source view

target view

o

F
g
3 -

Y

Algorithm 1 Estimation of Depth in Target View

Input: Depth predictions of each source view D)., cam-
era pose of each source view &,. x, target camera pose &
Data: Image size: (H, W), camera pose of the world coor-
dinate &,

Output: Target view depth estimation Dy

1: A« empty array()

2: fork=1,.... K do

3: g < meshgrid(H, W)

4:  Project g into the coordinate system defined by &,

5:  Multiply g by the corresponding depth prediction Dy,

6: g < Transform(g. &, &)
7 Append g to the array A

8: end for

9

A < Transform(A, &,,.. &)

10: Reproject A onto the &, image plane

11: Z <« the third element (Z-axis) of points A

12: A" + round the first two elements of A to integer values

13: W <« The first two elements of (A’ - A)

14: Weight and normalize Z using weight W

15: Set the depth of target view D7 to Z based on the index
of the first two elements of A’

16: return Estimated depth of target view D

¥i:

18: /* Function */

19: Transform(point, &, &2):

20: return transform point from coordinate &, to &,
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Training Loss

e Image rendering loss: L2 loss Limage = ), [€6) —Cr)l3
reR

e Semantic loss: Cross-entropy loss Loem = 3 (S(r)log8(r))

reR

e depth loss:

K
1 ~
= — Dy — Dyl s
e supervised: Lp K(?ﬂ: Dk — Dil|s1)

* seIf—superV|sed: ['ssl = )\IERC = )\QESSIAI - /\SACS'r'nooth.

ref: RCMVSNet

With GT depth supervision: L — »Cz'mage —|_ £D —l_ )\Lsem
Without GT depth supervision: C — »Cimage —I— £SSZ —I— )\Lsem


https://github.com/Boese0601/RC-MVSNet

Metrics

e PSNR:
e SSIM:

e LPIPS:

MA
PSNR = 10 - log;,

X MAX;
= 20 - log;,
MSE vV MSE

(282 1y + C1)(204y + C2)

SSIM(x,y) =

(12 + p2 + C1) (0% + 02 + Cs)
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https://ithelp.ithome.com.tw/articles/10332547

