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Seeing 3D chairs: 
   

Exemplar part-based 2D-3D alignment 
using a large dataset of CAD models 



Sit on the chair! 



Classification 

 

 

CHAIR    
 
 
 

Ex: ImageNet Challenge, Pascal VOC classification. 



Detection 

Ex: Pascal VOC detection. 

chair 



Segmentation 

Ex: Pascal VOC segmentation. 



Our goal  



From the beginning of computer vision 

First PhD in computer vision, MIT 1963 
Lawrence G. Roberts 
Machine perception of three-dimensional solids 

Photograph 3D model 



Figure 13: The three-dimensional wire-frame model of the razor shown from a single

viewpoint.

Figure 14: Successful matches between sets of image segments and particular view-

points of the model.
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Figure 13: The three-dimensional wire-frame model of the razor shown from a single

viewpoint.

Figure 14: Successful matches between sets of image segments and particular view-

points of the model.
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Figure 9: The original image of a bin of disposable razors, taken at a resolution of

512 512 pixels.

Figure 10: The zero-crossings of a convolution. Grey levels are proportional to

gradient magnitude at the zero-crossing.
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(a) (b) (c)

Figure 2.2: Object recognit ion example from the work of Lowe (1987) [88]. (a) 3D wire-frame

object model. (b) Successful matches between the model in (a) and image shown in (c). Object

instances are recognized despite severe part ial occlusion.

wire-frame model) and detected image primit ives (e.g. points and line segments), which gives an

object pose hypothesis. In the verificat ion step, the model is projected into the image and the ent ire

projected object contour is compared to the evidence coming from the measured image edges.

Two examples of the alignment approach are the works of Lowe [88] and Ullman and Hutten-

locher [67]. In [67], a minimal number of corresponding primit ives is used to determine a hypothesis

of the object pose. A ‘weak perspect ive’ camera model is assumed and therefore only three model

to image correspondences are required. Lowe [88] used the idea of perceptual grouping to reduce

the correspondence search. Groupings of edge segments are formed based on proximity, collinearity

and parallelism. An edge grouping (e.g. a pair of parallel edge segments of similar length) creates a

correspondence hypothesis with only a small number of similar model edge groups. A recognit ion

example is shown in figure 2.2.

Due to use of the full 3D object model, alignment approaches could deal with significant part ial

occlusion. Some amount of background clut ter could be also handled. The challenge is the corre-

spondence search. Three approaches (interpretat ion t rees, pose clustering and RANSAC), which

address the difficult correspondence search, are reviewed next .

I nt erpr et at ion t rees: The interpretation tree [54, 58] approach searches the space of all possible

correspondences. Imagine there are N image primit ives and M model primit ives. Each image

primit ive can be assigned to (or labelled as) any of the model primit ives, thus, without using any

constraints, we have N M possible labellings or assignments. The interpretat ion t ree t ries to search

this space. The idea is to apply constraints and heurist ics to heavily prune the tree. For example,
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1980s: 2D-3D Alignment 

 

[Lowe AI 1987] 
 
 

Alignment: Huttenlocher & Ullman (1987) 

[Huttenlocher and Ullman IJCV 1990] 

 [Faugeras&Hebert’86], [Grimson&Lozano-Perez’86], …  
 



Exact Instance alignment 

[Philbin et al. CVPR 2007] 

See also [Rothganger et al. CVPR 2003] ,[Arandjelovic ́and Zisserman ICCV 2011], 
 [Li et al. ECCV 2012], [Snavely et al. SIGGRAPH 2006] … 
 
 
 

[Sattler et al. ICCV 2011] 

[Baatz et al. ECCV 2012] [Lim et al. ICCV 2013] 



2D category recognition  

[Felzenszwalb et al.PAMI 2010] 

See also : [Dalal and Triggs CVPR 2005], [Bourdev and Malik ICCV 2009], [Malisiewicz et al. 
ICCV 2011] ... 

[Singh et al. ECCV 2012] 

[Lazebnik et al. CVPR 2006] [Krizhevsky et al. NIPS 2012] 



3D category recognition 

[Pepik, Stark, Gehler and Schiele 2012] 

3D DPMs: [Herjati&Ramanan’12],  

[Pepik et al.12], [Zia et al.’13], … 

Simplified part models: 

[Xiang&Savarese’12], [Del Pero et al.’13] 

Cuboids: [Xiao et al.’12] [Fidler et al.’12] Blocks world revisited: [Gupta et al.’12] 

See also: [Glasner et al.’11], [Fouhey et al.’13], [Satkin&Hebert’13], [Choi et al. ‘ 13],  
[Hejrati and Ramanan ‘14], [Savarese and Fei-Fei ‘ 07]… 



Why chairs? 

CHAPTER 1. INTRODUCTION

9 CLASS: CHAIR 36

Rank: 121, Image: 2009 002596 Rank: 131, Image: 2011 000915

Rank: 141, Image: 2008 008620 Rank: 151, Image: 2008 005079

Rank: 161, Image: 2009 002364 Rank: 171, Image: 2008 004972

Rank: 181, Image: 2010 005451 Rank: 191, Image: 2009 001797

Rank: 201, Image: 2011 002733 Rank: 211, Image: 2008 005776

Figure 1.2: Chal lenges of v isual r ecogni t ion. Top: I nst ance-level r ecogni t ion. The imaged

appearance of the same place (the “Not re Dame” cathedral in Paris) varies significant ly due to changes in

viewpoint and illuminat ion (left vs. middle), changes over t ime (e.g. destroyed buildings, left vs. middle)

and depict ion style (e.g. paint ing, right ). M iddle: Cat egor y-level r ecogni t ion. Large int ra-class

variat ion in appearance of object class “ chair” . Right : objects (chairs and tables) are embedded in

clut tered scenes with complex mutual occlusions. B ot t om: D ynamic scenes involv ing people. Four

instances a “ person opening door” act ion. Note the huge variability in imaged appearance.

such as paint ings or drawings, the appearance can be very di↵erent due to specific depict ion style

and drawing errors, as illustrated in figure 1.2(top).

I nt ra-class var iat ion. For object classes, there is theaddit ional difficulty of int ra-class variat ion

asillustrated in figure1.2(middle). Moreover, objectsareembedded in clut tered scenesand undergo

complex mutual occlusions.

Var iabi l i t y of dynamic scenes involving people. For dynamic scenes involving people, there

is theaddit ional difficulty of modeling temporal informat ion and thehuman (inter-)act ionswith the

scene. The same act ion performed by two di↵erent people can result in a very di↵erent appearance

in the video (see figure 1.2(bottom)). For example, the people may have di↵erent clothing, the

camera viewpoint is di↵erent and the act ion is performed in a di↵erent manner, for example, faster

or slower.
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Difficulty: style 
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1394 3D models from internet 

Approach: data-driven 





Difficulty: viewpoint 
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Approach: use 3D models 

62 views 
 

   



tz Î {1,...,T} Style 

Viewpoint oz Î {1,...,O}



Difficulty: approximate style 



Difficulty: approximate style 



Difficulty: approximate style 



Approach: part-based model 



Approach overview 

3D collection 

 

 

 

 

 

Render views 

 

 

 

 

 

Select parts 

 

 

 

 

 

Match CG->real image 

 

 

 

 

 
Select the best matches 

 

 

 

 

 



How to select discriminative parts? 



Best exemplar-LDA classifiers 

How to select discriminative parts? 

[Hariharan et al. 2012] [Gharbi et al 2012] 
[Malisiewicz et al 2011]  
 
 



How to match CG to photograph? 

Implementation: exemplar-LDA 

 

 

 

HOG Classifier 

HOG mask 

Masked classifier 

See also: 
[Shrivastava et al. 2011] 



Approach: CG-to-photograph 

Implementation: exemplar-LDA 

 

 

 



How to compare matches? 
Matches Patches Detectors 



Patches Detectors Matches 
Affine Calibration 
with negative data 

See paper for details 

How to compare matches? 



Example I. 



Example II. 



Example III. 



Input image DPM output 

Our output 3D models 



Input image DPM output 

Our output 3D models 



Results 
Test set:  

• 179 images from Pascal VOC 2012 (subset of validation data) 

• 247 annotated chair bounding boxes 

 

Baselines: 

1. Exemplar LDA: 

[Hariharan et al. 2012], 

[Gharbi et al 2012], 

[Malisiewicz et al 2011]  

 

2. DPM:  

[Felzenszwalb et al. 2010] 
 



Subjective human evaluation 

Orientation quality at 25% recall 
 

Good Bad 

Exemplar-LDA 52% 48% 

Ours 90% 10% 



Subjective human evaluation 

Style consistency at 25% recall 
 

Exact Ok Bad 

Exemplar-LDA 3% 31% 66% 

Ours 21% 64% 15% 



Our related ToG 2014 paper 
(to be presented at SIGGRAPH 14) 

Painting-to-3D Model Alignment Via Discriminative Visual Elements 
M. Aubry, B. Russell and J. Sivic  



Summary 
Large collection of 3D 

models 

 Part score calibration 
 

Render views from 3D 

CG-real matching 
 

  

Part based matching 

 Finding parts 

 

 

 

 

 

Data and (soon) code: http://www.di.ens.fr/willow/research/seeing3Dchairs 



Questions ? 


