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3D Reconstruction

• Recovering the 3D structure
of the scene given images

• Classified based on the
nature of input and
application

• Structure-from-Motion
(SfM)

• Simultaneous Localization
and Mapping (SLAM)

• Visual Odometry
• Volumetric Rendering
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3D Reconstruction

Figure: Reconstruction of Vitthala Temple, Hampi
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3D Reconstruction

Figure: Animation showing Visual SLAM by
ORB-SLAM2

• Recovering the 3D structure
of the scene given images

• Classified based on the
nature of input and
application

• Structure-from-Motion
(SfM)

•
Simultaneous Local-
ization and Mapping
(SLAM)

• Visual Odometry
• Volumetric Rendering

1/ 92



3D Reconstruction

• Recovering the 3D structure
of the scene given images

• Classified based on the
nature of input and
application

• Structure-from-Motion
(SfM)

• Simultaneous Localization
and Mapping (SLAM)

• Visual Odometry

• Volumetric Rendering

1/ 92



3D Reconstruction

• Recovering the 3D structure
of the scene given images

• Classified based on the
nature of input and
application

• Structure-from-Motion
(SfM)

• Simultaneous Localization
and Mapping (SLAM)

• Visual Odometry
• Volumetric Rendering

1/ 92



Structure-from-Motion
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Problem Setup

Image Collection
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Problem Setup

Image Matching
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Problem Setup

Keypoint/Feature Extraction
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Problem Setup

Keypoint/Feature Correspondence Search
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Problem Setup

Image point correspondences are known
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Problem Setup
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Epipolar Geometry

• Coplanarity of the camera centers and 3D point
• Constraint: pT

2 Ep1 = 0
• E = [t]× R: relative rotation (R) and translation direction (t)
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View Graph Abstraction
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Reconstruction of Vitthala Temple, Hampi
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Volumetric Rendering
Methods
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What is Rendering?
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Rendering/View Synthesis

• Given camera parameters, estimate the image captured by the camera
• Some form of scene information should be known apriori

Flynn et al. DeepStereo: Learning to Predict New Views from the World’s Imagery
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Class of Methods

Methods Classified based on Storage of Scene Information
• Image based rendering
• Depth image based rendering
• Volumetric rendering

15/ 92



Image based Rendering

Zhou et al. View Synthesis by Appearance Flow
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Depth Image based Rendering

Zhou et al. Stereo Magnification: Learning view synthesis using multiplane images
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Depth Image based Rendering

Alpha Composition

https://ciechanow.ski/alpha-compositing/
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3D Volumetric Rendering

Mildenhall et al. NeRF: Representing Scenes as Neural Radiance Fields for View Synthesis

Yu et al. Plenoxels: Radiance Fields without Neural Networks

Matsuki et al. Gaussian Splatting SLAM
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What is a Field?
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Scalar Field

Scalar field on a plane

Credit: wikipedia.org
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Vector Field

Plane Sphere

Vector field on different surfaces

Credit: wikipedia.org
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Vector Field

Optic flow field

Credit: fzheng.me/2015/03/25/optical-flow/
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Is RENDERING same as
RECONSTRUCTION?
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Aim of the Problem

Adleson et al. The Plenoptic Function and the Elements of Early Vision
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Courtesy for the next few slides: NeRF ECCV 2022 Tutorial
sites.google.com/berkeley.edu/nerf-tutorial/home
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Physics of the Problem

Credit: en.wikipedia.org/wiki/Radon_transform
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Physics of the Problem

Credit: markboss.me/post/nerf_at_eccv22/
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Overview
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3D Volumetric Representation

Mildenhall et al. NeRF: Representing Scenes as Neural Radiance Fields for View Synthesis

Yu et al. Plenoxels: Radiance Fields without Neural Networks

Matsuki et al. Gaussian Splatting SLAM
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Volumetric Rendering

https://www.youtube.com/watch?v=ynCxnR1i0QY
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Volumetric Rendering
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Volumetric Rendering
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Volumetric Rendering
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Ray Tracing Derivation
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Volumetric Rendering Equation

Derivation on Board

Mildenhall et al. NeRF: Representing Scenes as Neural Radiance Fields for View Synthesis
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Approximating the integral
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Volumetric Rendering Equation

https://towardsdatascience.com/a-comprehensive-overview-of-gaussian-splatting-e7d570081362
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Volumetric Rendering Equation

With Densities With Gaussians

68/ 92



Methods
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NeRF: Basic Approach

Scene Representation: Neural Networks
Volumetric Rendering: Ray Tracing

Mildenhall et al. NeRF: Representing Scenes as Neural Radiance Fields for View Synthesis
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NeRF: Basic Approach

Training Loss:

• Uses coarse and fine network to get high resolution images
• Samples 1024 rays, uses 400 x 400 images
• Random sampling of pixels in each iteration
• Other tricks required to make it work
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NeRF: Basic Approach

Positional Encoding

• Coordinate values are
normalized to [−1, 1]

• Applied separately to each
dimension

• Done for both 3D point and
direction vector

Barron et al. Mip-NeRF: A Multiscale Representation for Anti-Aliasing Neural Radiance Fields
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NeRF: Basic Approach

Hierarchical Sampling

Arandjelovic et al. NeRF in detail: Learning to sample for view synthesis
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NeRF: Basic Approach

Architecture
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Mildenhall et al. NeRF: Representing Scenes as Neural Radiance Fields for View Synthesis
75/ 92



NeRF without Neural Network
Plenoxels: Overview

Scene Representation: Voxel Grid
Volumetric Rendering: Ray Tracing

Yu et al. Plenoxels: Radiance Fields without Neural Networks
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NeRF without Neural Network

Spherical Harmonics
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NeRF without Neural Network
Plenoxels: Training loss

• Uses coarse to fine strategy
• Uses multi sphere image background model
• Other regularizations required to make it work
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Yu et al. Plenoxels: Radiance Fields without Neural Networks
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3D Gaussian Splatting

Scene Representation: 3D Gaussians
Volumetric Rendering: Rasterization

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

Adaptive control of Gaussians
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3D Gaussian Splatting

Rasterization
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3D Gaussian Splatting
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Can you trust your eyes?
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Can you trust your eyes?
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Underconstrained Problem

Chen et al. Structure-Aware NeRF without Posed Camera via Epipolar Constraint
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Underconstrained Problem

Shape-Radiance Ambiguity

There exists a family of radiance fields that perfectly explains the training
images in the absence of regularization.
Zhang et al. NeRF++: Analyzing and Improving Neural Radiance Fields
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Underconstrained Problem

Shape-Radiance Ambiguity

Zhang et al. NeRF++: Analyzing and Improving Neural Radiance Fields
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The End?
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Possibilities

Assumptions
• Known camera motion: NeRF- -, BARF, GNeRF, L2GNeRF, SPARF,

Structure-Aware NeRF
• Known intrinsics: NeRF- -
• Same intrinsics for all cameras: Mip-NeRF, Mip-NeRF 360

Problems
• Slow training: Instant Neural Graphics Primitives, Plenoxels,

DirectVoxGo, ReLU Fields, TensorRF
• Slow rendering: PlenOctrees, NeX, AdaNeRF
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Possibilities

Extensions
• Sparse input: pixelNeRF, MVSNeRF, Depth-supervised NeRF, Dense

depth priors
• Scene dependent training/optimization: MVSNeRF
• Large scale: Block-NeRF, NeRFusion
• Unknown camera pose estimation: iNeRF
• Pairwise registration: nerf2nerf

Applications (other than novel view synthesis)
• SLAM: iMAP, NICE-SLAM, NeRF-SLAM, Loc-NeRF
• SfM: Level-S2fM
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Mildenhall et al. NeRF: Representing Scenes as Neural Radiance Fields for View Synthesis
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