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Geometry Reconstruction



• Scanning 

• Registration

• Reconstruction

A Standard Approach



A standard pipeline



A standard pipeline



A standard pipeline



Limitation I – complete observation



Data-Driven 
Geometry Reconstruction



The Big Bang in internet 3D models

3D Warehouse Yobi3D

3M models in more than 4K categories



20 years ago 10 years ago now

Image-based shape retrieval



Single-view image based shape modeling







• Partial observation

• Structural information

The benefit of data-driven 
geometry processing



Classification

Nearest Neighbor Parametric Methods
Shen et al. 12



Nearest Neighbor



Example-Based Scan Completion

Example-Based 3D Scan Completion, SGP’05



Examples

Final Model

Context Models

Deformed Models



Part-based Shape Reconstruction 
[TOG’12]

No suitable model!
shape 
retrieval

Structure Recovery by Part Assembly TOG’12



Recover the structure by part assembly



Algorithm Overview

Candidate Parts Selection Structure Composition Part Conjoining

……



Algorithm Overview

Candidate Parts Selection Structure Composition Part Conjoining

……



Algorithm Overview

Candidate Parts Selection Structure Composition Part Conjoining

……



Algorithm Overview

Candidate Parts Selection Structure Composition Part Conjoining

……



Results: Chairs
• 70 repository models, 11 part categories



Results: Tables
• 61 repository models, 4 part categories



Results: Bicycles

• 38 repository models, 9 part categories



Results: Airplanes

• 70 repository models, 6 part categories



• Hard to make it fully automatic --- many parameters 
to tune

• More data -> better algorithm

• Easy to add user interaction

Discussion



Parametric Methods



A Morphable model for the synthesis of 
3D faces

• Start with a catalogue of 200 3D Cyberware scans

• Build a model of average shape and texture, and 
principal variations



Morphable 3D face model



Adding attributes 



Reconstruction from single image

Phong illumination model



SCAPE: Shape completion and animation 
of people --- joint pose and shape model

[Anguelov et al 05]



SCAPE: Shape completion and animation 
of people --- joint pose and shape model



Data-Driven Shape Modeling



Modeling By Example [Funkhouser et al. 04]







Data-Driven Suggestions for Creativity Support in 3D Modeling
[Chaudhuri and Koltun’ 11]



• Automatically suggest ways in which the user can extend 
a basic shape, to stimulate creative exploration

Basic idea



























Results: Creatures



Results: Aircraft



Exploratory Modeling with Collaborative Design Spaces 
[Talton et al. 09]



91 dimension tree-space [Weber and Penn 95] 

130 dimension human-space [Allen et al. 03] 



Density Estimation from data



Sampling

Local sampling

Constrained sampling







Probabilistic model for presenting relevant components

Current 

shape Probabilistic model

Observed

data

Ranked components

Inference



The model is learned from an input shape repository

Input repository
Probabilistic model

Learning



Formulation



The probabilistic model:  a Bayesian Network

Shape attributes

Dependencies
between attributes

Random variables 

Represent with DAG
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Random variables El

Existence of component from category l

Arm(s)
exist

Torso(s) 
exist



Random variables Nl

Number of components from category l

# of Arms

Torso(s) 
exist

Arm(s)
exist



Random variables Al,l’

Adjacency between components from categories l and l’

Arm-Torso 
adjacency

# of Arms

Torso(s) 
exist

Arm(s)
exist



Random variables Rl,l’

Symmetry relation between components from categories  l and l’

Arm-Torso 
adjacency

Arm-Torso 
symmetry

# of Arms

Torso(s) 
exist

Arm(s)
exist



Random variables Ss,l

Existence of component from style cluster s of category l

# of Arms

Arm-Torso 
adjacency

Arm-Torso 
symmetry

Arm style 2
exists

Torso style 1
exists

Torso style 2
exists

Arm style 1 
exists

Torso(s) 
exist

Arm(s)
exist



Dependencies between random variables

Torso(s) 
exist

# of Arms

Arm-Torso 
adjacency

Arm-Torso 
symmetry

Arm style 1 
exists

Arm style 2
exists

Torso style 1
exists

Torso style 2
exists

Arm(s)
exist



Conditional probability tables

Arm(s)
exist

# of Arms

Arm-Torso 
adjacency

Arm-Torso 
symmetry

Nl

Rl 0

2

4

1

0.3

1.0

0.0

0.7 

Arm style 2
exists

Torso style 1
exists

Torso style 2
exists

Torso(s) 
exist

Arm style 1 
exists



Arm(s)
exist

# of Arms

Arm-Torso 
adjacency

Arm-Torso 
symmetry

Arm style 2
exists

Torso style 1
exists

Torso style 2
exists

Torso(s) 
exist

Dependencies between random variables

Arm style 1 
exists



Learning



Learning the CPTs and the graph structure

[Kalogerakis et al. 2010]

(modified)



Learning the CPTs and the graph structure

Arm 

cluster 1

Arm 

cluster 2

Torso 

cluster 1

Torso 

cluster 2

[Kalogerakis et al. 2010]

(modified)



Learning the CPTs and the graph structure

Arm 

cluster 1

Torso 

cluster 1

Torso 

cluster 2

[Kalogerakis et al. 2010]

(modified)

Arm 

cluster 2



Structure and parameter learning

Maximize Bayesian Information Criterion

1
log ( | , ) log

2
BIC P D G v n= −θ



Structure and parameter learning

Maximize Bayesian Information Criterion

Likelihood term

D:  training data

G:  graph structure

θ: CPT entries 

1
log ( | , ) log

2
BIC P D G v n= −θ



1
log ( | , ) log

2
BIC P D G v n= −θ

Penalize model complexity

v:   # of independent CPT entries

n:   # of training shapes

Structure and parameter learning

Maximize Bayesian Information Criterion

Optimized using local search heuristics (adding, removing and flipping edges)



Inference



Inference



Inference

Evidenc

e

Xe= e



P( | Xe = e) ?

Inference

Evidenc

e

Xe= e



Inference

P( Xq = q |  Xe = e )

Particle-based inference

Evidenc

e

Xe= e



Examples of shapes created by users


