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Input: A Single Image of An Indoor Scene

2/25



Task: Depth-Ordered Pixel Grouping
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Visualization: 3D Scene from A New Viewpoint

LS oSt L.
5 =

4/25



Results: Scene Partition w. Depth-Ordered Planes
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Results: Scene Partition w. Depth-Ordered Planes
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Line-Based Depth-Ordered Grouping Model
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Talk Outline

Grouping Cues from 2D Lines to 3D Line Clusters
Grouping from 3D Lines to 3D Quadrilaterals
Grouping Cues from 3D Quadrilaterals to 3D Planes
Spectral Clustering As the Core Grouping Engine
Literature Review

Further Research
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Challenge: Occlusion, Clutter, Weak Perspectivity
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Ambiguity of Vanishing Points

QNN
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Grouping Cues from 2D Lines to 3D Line Clusters
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Grouping from 3D Lines to 3D Quadrilaterals
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Coplanarity between 3D Quadrilaterals
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Depth Ordering of 3D Points Along A Direction
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Depth Ordering between 3D Quadrilaterals




Spectral Clustering w. Attraction & Repulsion

Eigensolution of (A R + Dr;Da + Dr), Yu & Shi, CVPR 2001
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Spectral Clustering w. Attraction & Depth Ordering

Eigensolution of (A + P "1 R;Da+ Dg), Yu & Shi, ICCV 2001
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Review: Different Approaches from 2D to 3D

Geometrical Reconstruction
Shape-from-X
Rule-based Generative Approach

Statistical Learning

Depth-Ordered Grouping
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Reconstruction from Calibration & User Input
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Shape-from-X with Applicable Cues
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Generative Model on Limited Spatial Relations
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Statistical Associations of Feature and Context
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Line-Based Depth-Ordered Grouping Model

detection proximity
localization curvilinearity

Spectral Clustering with curvilinearity

Attraction and Repulsion parallelism

and Depth Ordering Orthogon_al_lty
Yu & Shi, 2001 perspectivity
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Further Research

Group Lines into Quadrilaterals
Relative Depth Ordering

Cross Constraints on Depth and Extent
Concurrent Grouping

Vocabulary of Lines for Depth and Volume
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Vocabulary of Lines For Depth and Volume

Drawings by Mandy Sakamoto, ¢ Artand Visual Perception Class, Yu & Mulhern, Boston College, Fall 2007
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