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• 배경지식

▪ NeRF: Representing Scenes as Neural Radiance Fields for View Synthesis

▪ NerfingMVS: Guided Optimization of Neural Radiance Fields for Indoor 

Multi-view Stereo

• 관련논문소개

▪논문1:Dense Depth Priors for Neural Radiance Fields from Sparse Input Views

▪논문2: DONeRF: Towards Real-Time Rendering of Compact Neural Radiance Fields 

using Depth Oracle Networks 

목차



3

NeRF: Representing Scenes as Neural Radiance Fields for View Synthesis. 2020 ECCV paper

네트워크및 sampling 특징

(1) Batch 4096개각 ray 당 coarse (𝑁𝑐=64) to Fine (𝑁𝐹=64+128=192) 으로총 64+(128+64)=256개
sampling 진행

(2) High frequency 표현을위해 positional encoding 적용

⸫많은샘플링이필요해서높은연산량& 인퍼런스타임필요 →최적샘플링위치를아는방법은?

배경지식 – NeRF: Representing Scenes as Neural Radiance Fields for View Synthesis

8 layered MLP
Positional encoded-

3D position vector

60개

Positional encoded-

3D position vector

60개

2D viewing 

directional vector

24개
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NerfingMVS: Guided Optimization of Neural Radiance Fields for Indoor MVS. 2021 ICCV paper

COLMAP sparse depth supervising

Scale-invariant loss : scale factor 𝛼(𝐷𝑝
𝑖 , 𝐷𝑆𝑝𝑎𝑟𝑠𝑒

𝑖 ) 적용함으로써 scale-invariant finetuning 실시

배경지식 – NerfingMVS: Guided Optimization of Neural Radiance Fields for Indoor MVS
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Geometric-consistency check-based error map(𝑒)

Adaptive depth prior를이용해 source (𝑗) to target (𝑖)시점의 reprojection error가작은순으로

𝐾개의 projection error 평균을취하여 error map (𝑒)생성

Depth prior from N input view → 𝐷𝑖
𝑖=1

𝑁

Error map from each view→ 𝑒𝑖

배경지식 – NerfingMVS: Guided Optimization of Neural Radiance Fields for Indoor MVS
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NeRF-based uniform sampling 

𝛼𝑙: Lower bound of range

𝛼ℎ: higher bound of range 

𝑔𝑟𝑜𝑢𝑑 𝑡𝑟𝑢𝑡ℎ 𝑑𝑒𝑝𝑡ℎ 𝑣𝑎𝑙𝑢𝑒
𝑠𝑎𝑚𝑝𝑙𝑒𝑑 𝑑𝑒𝑝𝑡ℎ 𝑣𝑎𝑙𝑢𝑒

𝑡𝑒𝑥𝑡𝑢𝑟𝑒𝑙𝑒𝑠 − 𝑟𝑒𝑔𝑖𝑜𝑛에서 𝑑𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛이큼

배경지식 – NerfingMVS: Guided Optimization of Neural Radiance Fields for Indoor MVS
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배경지식 – NerfingMVS: Guided Optimization of Neural Radiance Fields for Indoor MVS
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한계및고찰사항

1) Batch 1024개의 ray당 64개 sample 학습 → 기존 NeRF 에비해 3배빨라짐

2) Coarse to fine 네트워크사용하지않고, MLP 1번만 NeRF와동일한구조로사용

3) Scene마다적절 𝐾, 𝛼𝑙, 𝛼ℎ 값을조절하는것이중요

4) 일부 geometric structure를잘반영한 scene 에대해서만 inference를실시해 PSNR이높을

가능성이있음 ex) 8개 scene 평균 PSNR : 31.55

⸫여전히속도측면에서한계가존재하고,  전반적으로 geometric structure 반영이약함

배경지식 – NerfingMVS: Guided Optimization of Neural Radiance Fields for Indoor MVS
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• Dense Depth Priors for Neural Radiance Fields from Sparse Input View. CVPR 2022

• DONeRF: Towards Real-Time Rendering of Compact Neural Radiance Fields using 

Depth Oracle Networks. Eurographics Symposium on Rendering (EGSR) 2022

• 관련링크: 

https://dellaert.github.io/NeRF22/?fbclid=IwAR3aIWYQXbegQpQajLAKqRbmy3mGQZcdgJnHAl6b6dWwawZydgHStvptg&fs=e

&s=cl

2022년 Depth Prior-NeRF 동향

https://dellaert.github.io/NeRF22/?fbclid=IwAR3aIWYQXbegQpQaj-LAKqRbmy3mGQZcdgJ-nHAl6b6dWwawZydgHStvptg&fs=e&s=cl


10

Dense Depth Priors for Neural Radiance Fields from Sparse Input Views

SfM 기반 depth prior의한계및개선

1. Sparse depth는 noisy outlier가있어 dense depth map 추출시시점당정확도가다름

➢ 픽셀별 uncertainty를아는것이중요 → ResNet을이용하여 dense depth(𝑍𝑖
𝑑𝑒𝑛𝑠𝑒)및 pixel-wise 

standard deviation (𝑆𝑖) 추출

2. Point cloud의 density가시점별로다름

➢ Convolutional Spatial Propagation Network (CSPN)이용 → iteration을높일수록 sparse density 정보를잘
처리 →  dense depth의디테일이더살아있음
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Dense Depth Priors for Neural Radiance Fields from Sparse Input Views

NerfingMVS와학습및테스트방식차이

1. NerfingMVS는 training 및 test 모두 COLMAP 에서추출한 sparse depth를사용하여
test 시에도 sampling 범위를 finetuning하며진행

➢ PSNR 자체는 scene에따라높을수있음

2. 반면, 해당모델은 training에만 sparse depth를사용하고, test 에는 COLMAP SfM

sampling을진행하지않음

➢ PSNR 자체는 scene에따라낮을수있음
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Dense Depth Priors for Neural Radiance Fields from Sparse Input Views

Depth completion network 학습

입력 sparse depth map이 sensor depth(GT depth) scale 범위에맞추어서학습할필요존재

→ SfM 에서추출된특징점과동일위치에서 GT depth sampling → Gaussian noise 부여

Negative-log likelihood of gaussian loss 학습

𝑍𝑗: predicted depth of pixel 𝑗

𝑆𝑗: standard deviation of pixel 𝑗

𝑍𝑠𝑒𝑛𝑠𝑜𝑟: sensor depth at  𝑗
𝑛: number of valid pixels
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Dense Depth Priors for Neural Radiance Fields from Sparse Input Views

Sampling 기법소개 (1)

Depth prior값을통해생성된 rendering weight를반영해서새로운 Ƹ𝑧(𝑟), Ƹ𝑠(𝑟)생성후 sampling
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Dense Depth Priors for Neural Radiance Fields from Sparse Input Views

Sampling 기법소개 (2)

1) Training: sample들의절반은 uniform sampling , 나머지절반은 gaussian sampling

→ depth prior 기반의 gaussian sampling : 

2) Testing: predicted depth 기반의 gaussian sampling : 
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Dense Depth Priors for Neural Radiance Fields from Sparse Input Views

Total Network 학습방법

Color term: Mean Square Error (MSE)         Depth term: Gaussian negative log-likelihood 

Depth term: case1 or 2 둘중하나만만족시, 

Case1: predicted depth- target depth > standard deviation

Case2: predicted standard deviation> standard deviation

MLE of Gaussian negative log-liklihood이란?
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Dense Depth Priors for Neural Radiance Fields from Sparse Input Views

네트워크특징및한계

1) Batch 1024개의 ray 당 256개의 sampling 진행

2) 기존 NeRF (4096개 ray당 256개 sampling)에비해연산량은줄어들었지만, 

NerfingMVS (1024개 ray당 64개 sampling)과비교하면연산량감소는이루지 못하였음

3) Coarse to fine 구조는사용하지않고, 한번의 MLP 연산

네트워크의의

1) 하지만적은양의(18-20 train, 8 test) 데이터로 room scaled-rendering이가능함
→ NeRF는 room-scale dataset이아닌데도최소 25장- 100장필요

→ NerfingMVS는해당부분에서취약한한계가있었음

a. 모든 scene의 COLMAP sparse input 필요

b. Error map을모든 scene에대해서구한후평균을취했다는점에서 depth range 오류존재

2) Inference 시에 COLMAP sparse input 필요없음
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Dense Depth Priors for Neural Radiance Fields from Sparse Input Views

ScanNet 결과 Matterport3D 결과
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NerfingMVS vs 제안기법비교

데이터셋은모두 ScanNet으로진행

(1) Scene에따라정량적결과차이존재

(2) 제안기법이 room 전체 reconstruction 가능

Dense Depth Priors for Neural Radiance Fields from Sparse Input Views

NerfingMVS: scene 8개정량적평가

제안기법: scene 3개정량적평가
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DONeRF: Towards Real-Time Rendering of Compact Neural Radiance Fields using Depth Oracle Networks 

View cells: 특정 bounding box 안에서 특정 각도
내의 모든 view ray를 포집할 수 있는 범위 의미

Why? 깊은 범위의 depth range를 갖는 데이터
셋에 대해 가상시점 합성을 하기 위해서
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DONeRF: Towards Real-Time Rendering of Compact Neural Radiance Fields using Depth Oracle Networks 

View cell의외부에서다각도로바라보았을
때, 같은ray 선상정보는
같은 depth가될수있도록

view cell 외부에외접 sphere 설치

Without unification With unification

Ray unification: 같은 ray 선상의정보는같은 depth로표현할수있도록조절
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DONeRF: Towards Real-Time Rendering of Compact Neural Radiance Fields using Depth Oracle Networks 

Non-linear depth sampling 

1) Uniform sampling : 균일한간격으로 depth sampling 진행

2) Non-linear sampling (logarithmic): 가까이있는건 dense, 멀리있는건 sparse하게 log sampling
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DONeRF: Towards Real-Time Rendering of Compact Neural Radiance Fields using Depth Oracle Networks 

Non-linear depth sampling 

3) NDC(Normalized device coordinate) sampling

기존 NeRF에서 forward-facing 실사데이터셋에적용하기위해카메라기준좌표 → 기준큐브좌표 −1, 1 3

4) Space Warping (log+warp) : 가까이있는건 dense, 멀리있는건 sparse하게 log-space sampling 

되어 foreground 에서만표현이잘되는한계를개선하기위해 radial distorted- warping 적용

Affine

transform 
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1) ㄴㅇㅇ

NDC 참고자료
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DONeRF: Towards Real-Time Rendering of Compact Neural Radiance Fields using Depth Oracle Networks 

Sampling Oracle Network : Depth를 sampling prior로단순히사용하는대신, classification 

depth oracle 네트워크생성

기존 prior 방식은 surface representation에의존 → compact 한 representation 사용의미무색

→각 ray에확률적으로객체가존재할만한최적의 sampling 위치는?

Foreground와 background 사이에 depth discontinuity가발생하기때문에, 최적의위치를찾는
것은쉽지않음 → 최적 position에여유 oracle 부여 →  여러 ray label을 classification으로 부여

Classification network 도입
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DONeRF: Towards Real-Time Rendering of Compact Neural Radiance Fields using Depth Oracle Networks 

Depth Oracle 이란?

기존 NeRF의 coarse network의 sampling의느낌으로 , 임의로생성한 depth 단위의 particle들

→ 최적의 sample 장소들을뽑기위해 sample보다큰단위의 depth particle을생성

→ Classification을통해유의미한 depth추출 + depth scale의일관성확보

→ 각각의 depth는 non-real valued depth

실제 depth 값을이용하는것보다, scale 일관성을갖는임의의 depth label 값이 geometric 보장
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DONeRF: Towards Real-Time Rendering of Compact Neural Radiance Fields using Depth Oracle Networks 

Depth Ray Classification 순서: binary 분류 → multi-class 분류 →1D label smoothing 

좀더 scale-consistent한결과를도출하기위해인접
ray의거리ex)0,1,2,3에따라 lower contribution 을갖는

filter도입
→Multi-class depth ray 생성 ex)4x4=16class

기대확률이높을것같은 ray segment 범위
[dz,dz+1]에특정 GT depth (𝑑𝑠)가포함되어

있다면 1, 아니면 0으로표시
→Binary depth ray생성

Depth discontinuity에서
hard boundary 피하도록

Label smoothing filter 적용
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DONeRF: Towards Real-Time Rendering of Compact Neural Radiance Fields using Depth Oracle Networks 

초록색: Single-valued depth sampled ray with depth, 회색: multiple-valued depth but similar, 다른색: multiple depth and different

Multi-class ray classification이의미

(1) 높은 class 픽셀일수록가깝고, 많은 ray oracle 을받음

(2) 반면, 낮은 class 일수록멀고, ray oracle 을거의받지못해정보 skip 가능

(3) 각 oracle의 depth가비슷하면회색, 다르면이상한색

(4) 많은 free oracle (empty oracle)을부여함으로써최적공간 sampling 확률높임

➢ Binary classification을통해 False negative label이전부사라졌고,  False Positive label의비율이
상승함으로써 free sampling이많이포함
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DONeRF: Towards Real-Time Rendering of Compact Neural Radiance Fields using Depth Oracle Networks 

Local shading Network : NeRF의 fine network 대신에, depth oracle의 3d position을
MLP에넣어줌

1. Neighborhood픽셀사이즈 (𝐾 − 𝑋)
2. Smoothing 필터사이즈 (𝑍 − 𝑋)

3. Depth oracle 3d point개수 (𝐼 − 𝑋)

(𝐾 − 5, 𝑍 − 5, 𝐼 − 128)의최적값으로
training 진행
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Total network 학습법

1) 𝑙𝑜𝑠𝑠𝑀𝑆𝐸: RGB output에대해일반적인 MSE loss 사용

2) 𝑙𝑜𝑠𝑠𝑂: 불투명 loss로누적불투명도가 1이상이도록학습

→샘플수가작으면, 배경색을누적연산에포함시켜서검게되는데, 이를방지하기위해서

누적불투명도가1이상이도록학습진행

DONeRF: Towards Real-Time Rendering of Compact Neural Radiance Fields using Depth Oracle Networks 
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DONeRF: Towards Real-Time Rendering of Compact Neural Radiance Fields using Depth Oracle Networks 

네트워크특징: cashing기법을사용하지않는기법중가장빠름

1) Batch 4096개의 ray 당 [2,4,8,16]sampling 진행

2) 기존 NeRF (4096개 ray당 256개 sampling)에비해 15-78배빨라졌고,

NerfingMVS (1024개 ray당 64개 sampling)과비교하면 sampling 16개일때만기준

빠를것으로예상, 나머지는훨씬빨라짐

Dense Depth Priors for Neural Radiance Fields from Sparse Input Views와비교해도

(1024개의 ray 당 256개) 가장빠름

입력영상개수비교

1) Large depth forward-facing scene에맞게 210 training images, 60 test images 필요

2) Inward facing인 NeRF는최소 25장-100장필요

NerfingMVS는 ScanNet 내의모든 frame이필요함

Dense Depth Priors for Neural Radiance Fields from Sparse Input Views는가장적은양의

ScanNet 데이터셋으로 (18-20 train, 8 test) 데이터로 room scaled-rendering이가능함
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DONeRF: Towards Real-Time Rendering of Compact Neural Radiance Fields using Depth Oracle Networks 
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DONeRF: Towards Real-Time Rendering of Compact Neural Radiance Fields using Depth Oracle Networks 
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Q & A)
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