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SCENE UNDERSTANDING 
 

What is goal of scene understanding: 
•  Build machine that can see like humans to automatically 

interpret the content of the images. 

Comparing with traditional vision problem: 

•  Study on larger scale 
•  Human vision related tasks 

 



LARGER SCALE 
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More image information. 
Context information. 
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HUMAN VISION RELATED TASK 

(a) input image (b) superpixels (c) constellations (d) labeling (e) novel view
Figure 2: 3D Model Estimation Algorithm. To obtain useful statistics for modeling geometric classes, we must first find uniformly-labeled
regions in the image by computing superpixels (b) and grouping them into multiple constellations (c). We can then generate a powerful set
of statistics and label the image based on models learned from training images. From these labels, we can construct a simple 3D model (e) of
the scene. In (b) and (c), colors distinguish between separate regions; in (d) colors indicate the geometric labels: ground, vertical, and sky.

single image. [Liebowitz et al. 1999; Criminisi et al. 2000] offer
the most accurate (but also the most labor-intensive) approach, re-
covering a metric reconstruction of an architectural scene by using
projective geometry constraints [Hartley and Zisserman 2004] to
compute 3D locations of user-specified points given their projected
distances from the ground plane. The user is also required to spec-
ify other constraints such as a square on the ground plane, a set of
parallel “up” lines and orthogonality relationships. Most other ap-
proaches forgo the goal of a metric reconstruction, focusing instead
on producing perceptually pleasing approximations. [Zhang et al.
2001] models free-form scenes by letting the user place constraints,
such as normal directions, anywhere on the image plane and then
optimizing for the best 3D model to fit these constraints. [Ziegler
et al. 2003] finds the maximum-volume 3D model consistent with
multiple manually-labeled images. Tour into the Picture [Horry
et al. 1997], the main inspiration for this work, models a scene
as an axis-aligned box, a sort of theater stage, with floor, ceiling,
backdrop, and two side planes. An intuitive “spidery mesh” inter-
face allows the user to specify the coordinates of this box and its
vanishing point. Foreground objects are manually labeled by the
user and assigned to their own planes. This method produces im-
pressive results but works only on scenes that can be approximated
by a one-point perspective, since the front and back of the box are
assumed to be parallel to the image plane. This is a severe limita-
tion (that would affect most of the images in this paper, including
Figure 1(left)) which has been partially addressed by [Kang et al.
2001] and [Oh et al. 2001], but at the cost of a less intuitive inter-
face.

Automatic methods exist to reconstruct certain types of scenes from
multiple images or video sequences (e.g. [Nistér 2001; Pollefeys
et al. 2004]), but, to the best of our knowledge, no one has yet
attempted automatic single-view modeling.

1.2 Intuition

Consider the photograph in Figure 1(left). Humans can easily grasp
the overall structure of the scene – sky, ground, relative positions of
major landmarks. Moreover, we can imagine reasonably well what
this scene would look like from a somewhat different viewpoint,
even if we have never been there. This is truly an amazing ability
considering that, geometrically speaking, a single 2D image gives
rise to an infinite number of possible 3D interpretations! How do
we do it?

The answer is that our natural world, despite its incredible richness
and complexity, is actually a reasonably structured place. Pieces of
solid matter do not usually hang in mid-air but are part of surfaces
that are usually smoothly varying. There is a well-defined notion
of orientation (provided by gravity). Many structures exhibit high
degree of similarity (e.g. texture), and objects of the same class
tend to have many similar characteristics (e.g. grass is usually green
and can most often be found on the ground). So, while an image

offers infinitely many geometrical interpretations, most of them can
be discarded because they are extremely unlikely given what we
know about our world. This knowledge, it is currently believed, is
acquired through life-long learning, so, in a sense, a lot of what we
consider human vision is based on statistics rather than geometry.

One of the main contributions of this paper lies in posing the classic
problem of geometric reconstruction in terms of statistical learning.
Instead of trying to explicitly extract all the required geometric pa-
rameters from a single image (a daunting task!), our approach is to
rely on other images (the training set) to furnish this information in
an implicit way, through recognition. However, unlike most scene
recognition approaches which aim to model semantic classes, such
as cars, vegetation, roads, or buildings [Everingham et al. 1999;
Konishi and Yuille 2000; Singhal et al. 2003], our goal is to model
geometric classes that depend on the orientation of a physical ob-
ject with relation to the scene. For instance, a piece of plywood
lying on the ground and the same piece of plywood propped up by
a board have two different geometric classes but the same semantic
class. We produce a statistical model of geometric classes from a
set of labeled training images and use that model to synthesize a 3D
scene given a new photograph.

2 Overview

We limit our scope to dealing with outdoor scenes (both natural and
man-made) and assume that a scene is composed of a single ground
plane, piece-wise planar objects sticking out of the ground at right
angles, and the sky. Under this assumption, we can construct a
coarse, scaled 3D model from a single image by classifying each
pixel as ground, vertical or sky and estimating the horizon position.
Color, texture, image location, and geometric features are all useful
cues for determining these labels. We generate as many potentially
useful cues as possible and allow our machine learning algorithm
(decision trees) to figure out which to use and how to use them.
Some of these cues (e.g., RGB values) are quite simple and can
be computed directly from pixels, but others, such as geometric
features require more spatial support to be useful. Our approach
is to gradually build our knowledge of scene structure while being
careful not to commit to assumptions that could prevent the true
solution from emerging. Figure 2 illustrates our approach.

Image to Superpixels
Without knowledge of the scene’s structure, we can only compute
simple features such as pixel colors and filter responses. The first
step is to find nearly uniform regions, called “superpixels” (Figure
2(b)), in the image. The use of superpixels improves the efficiency
and accuracy of finding large single-label regions in the image. See
Section 4.1 for details.

Superpixels to Multiple Constellations
An image typically contains hundreds of superpixels over which we
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Abstract

In this paper, we consider the problem of recovering the
spatial layout of indoor scenes from monocular images. The
presence of clutter is a major problem for existing single-
view 3D reconstruction algorithms, most of which rely on
finding the ground-wall boundary. In most rooms, this
boundary is partially or entirely occluded. We gain robust-
ness to clutter by modeling the global room space with a
parameteric 3D “box” and by iteratively localizing clutter
and refitting the box. To fit the box, we introduce a struc-
tured learning algorithm that chooses the set of parameters
to minimize error, based on global perspective cues. On
a dataset of 308 images, we demonstrate the ability of our
algorithm to recover spatial layout in cluttered rooms and
show several examples of estimated free space.

1. Introduction
Look at the image in Fig. 1. From this single image,

we humans can immediately grasp the spatial layout of the
scene. Our understanding is not restricted to the immedi-
ately visible portions of the chairs, sofa, and walls, but also
includes some estimate of the entire space. We want to pro-
vide the same spatial understanding to computers. Doing
so will allow more precise reasoning about free space (e.g.,
where can I walk) and improved object reasoning. In this
paper, we focus on indoor scenes because they require care-
ful spatial reasoning and are full of object clutter making the
spatial layout estimation difficult for existing algorithms.

Recovering Spatial Layout. To recover the spatial lay-
out of an image, we first need to answer: how should
we parameterize the scene space? Existing parametriza-
tions include: a predefined set of prototype global scene
geometries [17]; a gist [18] of a scene describing its spa-
tial characteristics; a 3D box [11, 23] or collection of 3D
polyhedrals [6, 15, 19]; boundaries between ground and
walls [1, 4]; depth-ordered planes [26]; constrained ar-
rangements of corners [13]; a pixel labeling of approximate
local surface orientations [9], possibly with ordering con-
straints [14]; or depth estimates at each pixel [22]. Models

Figure 1. We model the space of a room with a 3D box layout of
its entire extent (black lines) and surface labels that localize visible
objects (pink regions). By estimating the joint box parameters us-
ing global perspective cues and explicitly accounting for objects,
we are often able to recover the spatial layout in cluttered rooms.

with few parameters allow robust estimation at the risk of
introducing bias. But even loosely parameterized models
may not capture the full spatial layout. For instance, depth
maps provide only local information about visible surfaces
and may not be useful for path planning in densely occu-
pied scenes. Our approach is to model the scene jointly in
terms of a 3D box layout and surface labels of pixels. The
box layout coarsely models the space of the room as if it
were empty. The surface labels provide precise localization
of the visible object, wall, floor, and ceiling surfaces. By
modeling both of these together, we attain a more complete
spatial layout estimate. We also gain robustness to clutter
from the strongly parameterized box layout, without sacri-
ficing the detail provided by the surface labels.

Once we decide how to parameterize the spatial lay-
out, how do we estimate the parameters using image cues?
Region-based local color, texture, and edge cues, often
combined with segmentation or CRF inference have been
used with success [9, 14, 22] for labeling pixels according
to orientation or depth. Accordingly, we use Hoiem et al.’s
algorithm [9] and color, texture, position, and perspective
cues to estimate confidences for our surface labels. But
these region-based approaches and local cues are sensitive
to clutter and, therefore, not suitable for the 3D box estima-
tion. For instance, estimating the box parameters by looking
for the wall-floor, wall-wall, and wall-ceiling boundaries in

More similar as the way that human understand the image 
Infer more useful information from image 
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with few parameters allow robust estimation at the risk of
introducing bias. But even loosely parameterized models
may not capture the full spatial layout. For instance, depth
maps provide only local information about visible surfaces
and may not be useful for path planning in densely occu-
pied scenes. Our approach is to model the scene jointly in
terms of a 3D box layout and surface labels of pixels. The
box layout coarsely models the space of the room as if it
were empty. The surface labels provide precise localization
of the visible object, wall, floor, and ceiling surfaces. By
modeling both of these together, we attain a more complete
spatial layout estimate. We also gain robustness to clutter
from the strongly parameterized box layout, without sacri-
ficing the detail provided by the surface labels.

Once we decide how to parameterize the spatial lay-
out, how do we estimate the parameters using image cues?
Region-based local color, texture, and edge cues, often
combined with segmentation or CRF inference have been
used with success [9, 14, 22] for labeling pixels according
to orientation or depth. Accordingly, we use Hoiem et al.’s
algorithm [9] and color, texture, position, and perspective
cues to estimate confidences for our surface labels. But
these region-based approaches and local cues are sensitive
to clutter and, therefore, not suitable for the 3D box estima-
tion. For instance, estimating the box parameters by looking
for the wall-floor, wall-wall, and wall-ceiling boundaries in



HOW DO HUMAN LEARN? 
Bayesian Rules: 

 
 

In practice: Infer abstract knowledge based on observation 

 

 

 

P(A | B) = P(B | A) ⋅P(A) / P(B)

P(W | I ) = P(I |W ) ⋅P(W ) / P(I )
∝P(I |W ) ⋅P(W )

Likelihood: The probability of getting I given model W 

Prior: The probability of W w/o seeing any observation 

Posterior probability 

✔ ✗ ✔ ✗ 



HOW DO HUMAN LEARN? 
To teach human baby what is “horse”: show 3 pictures and 
let them learn by themselves.  

They can be very successful to learn the correct concept. 
 

But all the following concepts can explain the images: 

•  “horse” = all horse 
•  “horse” = all horse but not Clydesdales  
•  “horse” = all animal 

I =

“horse” 



All animal All horse 
Clydesdales   

W1 W2 W3

Likelihood: What is the probability of sampling these 3 horse images given the concept? 

P(I |W3) ≈ P(I |W2 )> P(I |W1)
Prior: How likely would the concept be the referent of a common word?  

P(W1) ≈ P(W2 )> P(W3)

W2 = argmax
W

(P(I |W ) ⋅P(W ))



TASK 1: IMAGE SEGMENTATION 
I: Gray scaled image 

W: A pixel-wise label map (segmentation)  
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Wbest = argmax
W

(P(W | I )) = argmax
W

(P(I |W ) ⋅P(W ))

How to formulate the segmentation problem? 
Warning: A huge wave of equations is approaching! 



FORMULATION #1 

Image Lattice:  
Image: 
For any point               either                                   
    
Lattice partition into K disjoint regions: 
 
 
Region is discrete label map: 
Region Boundary is Continuous:   

 
 



FORMULATION #2 

Each Image Region      is a realization from a 
probabilistic model 
     are parameters of model indexed by 
A segmentation is denoted by a vector of 
hidden variables W; K is number of regions 
 
Bayesian Framework: 
 

Space of all 
segmentations 

Prior Likelihood Posterior 



PRIOR OVER SEGMENTATIONS 
 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 

 
 

 

 
   

 

~ uniform 

# of model 
params 

Want less regions 

Want round-ish regions 

Want small regions 

Want less complex models 



LIKELIHOOD FOR IMAGES 
Visual Patterns are independent stochastic 
processes 
 
 
 
    is model-type index   
    is model parameter vector  
    is image appearance in i-th region 
 



FOUR GRAY-LEVEL MODELS 
Uniform          Clutter           Texture         Shading 

 
 
 
 
 
 
 

Gaussian Intensity  
Histogram 

Gabor Response 
Histogram 

B-Spline 

Given parameter     and region image I,  
we can measure                         by defined distance. 

Θ
P(IR |Θi, li )



WHAT DID WE JUST DO? 

Def. of Segmentation: 

Score (probability) of Segmentation: 

Likelihood of Image = product of region  
likelihoods 

Regions defined by k-partition: 



WHAT DO WE DO WITH SCORES? 

Search 
Given the image I  

for optimal W  



SEARCH THROUGH WHAT?   
ANATOMY OF SOLUTION SPACE 
Space of all k-partitions 
 
 
General partition space 
 
Space of all segmentations 
 
 

Partition 
space 

K Model 
spaces 

Scene 
Space 



SEARCHING THROUGH 
SEGMENTATIONS 

Exhaustive Enumeration of all segmentations 

Greedy Search (Gradient Ascent) 

MCMC based exploration 

Takes too long! 

Local minima! 

Described later! 



WHY MCMC 
What is it: Markov chain Monte Carlo 
 
 
 
What does it do? 

-A clever way of searching through a high-dimensional space 
-A general purpose technique of generating samples from a probability 

-Iteratively searches through space of all segmentations by constructing 
a Markov Chain which converges to stationary distribution 







DESIGNING MARKOV CHAINS 
Three Markov Chain requirements 

Ergodic: from an initial segmentation W0, any other state W 
can be visited in finite time (no greedy algorithms); ensured 
by jump-diffusion dynamics 

Aperiodic: ensured by random dynamics 

Detailed Balance: every move is reversible 



5 DYNAMICS 
1.) Boundary Diffusion 
 
2.) Model Adaptation 
 
3.) Split Region 
 
4.) Merge Region 
 
5.) Switch Region Model 
 
 

At each iteration, we choose a dynamic with probability q(1),q(2),q(3),q(4),q(5) 



DYNAMICS 1: BOUNDARY 
DIFFUSION 

Diffusion* within  
 
 

Boundary  
Between 

Regions i and j 

Brownian Motion 
Along 

Curve Normal 

Temperature 
Decreases over 

Time 

*Movement within partition space 



DYNAMICS 2: MODEL ADAPTATION 

Fit the parameters* of a region by steepest 
ascent 
 
 
 
 
 

*Movement within cue space 



DYNAMICS 3-4: SPLIT AND MERGE 

Split one region into two 
Remaining 
Variables 

Are 
unchanged 

Probability of 
acceptance 

Conditional Probability  
of how likely chain  
proposes to move  
to W’ from W 

Data-Driven Speedup 

Standard Metropolis-Hastings Algorithm   



DYNAMICS 3-4: SPLIT AND MERGE 

Merge two Regions 
Remaining 
Variables 

Are 
unchanged 

Probability of 
Proposed Merge 

Data-Driven Speedup 



DYNAMICS 5: MODEL SWITCHING 

Change models 
 
 
 
Proposal Probabilities 
 

Data-Driven Speedup 



MOTIVATION OF DD 
Region Splitting: How to decide where to 
split a region? 
 
 
 
Model Switching: Once we switch to a new 
model or generate a new region, what 
parameters do we jump to? 
 
 

vs 



K-PARTITION PARTICLES 
Edge detection gives us a good idea of where 
we expect a boundary to be located 
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All k-partition in s scale 

Parzen window 
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PRECOMPUTE MODEL PARTICLES 
Get clusters of each model, and softly assign pixel to 
clusters with saliency: 

 

!"#$%&' () *+# +,&*(-.$/ $01 *+# 2.#$1*+ () #$3+ "#$%
1#3,1#& ,*& 4$.,$03#5

6,-5 7 &+(8&&,9 &$:,#03;/$"&!"!
# $ # ! !$ "$ # # # $ $ )(. $ <#2.$

,/$-# !*+# (.,-,0$: ,/$-# ,& &+(80 ,0 6,-5 =>$5 ?0 *+#
3:@&*#.,0-/$"(0 *+# :#)* ,0 6,-5 7A #$3+ ",9#: ,& $&&,-0#1 *( ,*&
/(&* :,%#:; "$.*,3:#5B# &+(8 *+# 3:@&*#.,0- 2; "&#@1(3(:(.&5

!"#"$ %&'()*+,- *./ %)/ 012*+34/5 +, %""

6(. 3:@&*#.,0- ,0 %"" A $* #$3+ &@2&$/":#1 ",9#: & " %A 8#
3(/"@*# '& $& $ :(3$: ,0*#0&,*; +,&*(-.$/ '& ! #(&&$ # # # $ (&)$
$33@/@:$*#1 (4#. $ :(3$: 8,01(8 3#0*#.#1 $* &5 C+#0A $0
DE 3:@&*#.,0- ,& $"":,#1 *( 3(/"@*# *+# 3@# "$.*,3:#& $01
#$3+ "$.*,3:# '""

# $ # ! !$ # # # $* ,& $ +,&*(-.$/5 C+,& /(1#: ,&
@&#1 )(. 3:@**#. .#-,(0&5

6,-5 F &+(8& *+#3:@&*#.,0- .#&@:*&(0 *+# &$/#<#2.$ ,/$-#5

!"#"! %&'()*+,- %)/ 012*+34/5 %"(

G* #$3+ &@2&$/":#1 ",9#: & " %A 8# 3(/"@*# $ &#* () #,-+*
:(3$: +,&*(-.$/& )(. #,-+* ),:*#.& (4#. $ :(3$: 8,01(8 ()
!"% !" ",9#:&5 B# 3+((&# #,-+* ),:*#.& )(. 3(/"@*$*,(0$:
3(04#0,#03#H (0# + ),:*#.A *8(-.$1,#0* ),:*#.&A (0#I$":$3,$0()
J$@&&,$0 ),:*#.A $01 )(@. J$2(. ),:*#.&5 D$3+ +,&*(-.$/ +$&

0,0# 2,0&5 C+#0A '"(
& ! #(&$!$!$ # # # $ (&$)$*$ ,& *+# )#$*@.#5 G0 DE

3:@&*#.,0- ,& $"":,#1 *( ),01 *+# * /#$0 +,&*(-.$/&
+!#$ # ! !$ "$ # # # $*5 B# 3$0 3(/"@*# *+# 3@# "$.*,3:#& )(.
*#9*@.# /(1#:& '"(

# ).(/ +!# )(. # ! !$ "$ # # # $*5 G 1#*$,:#1
$33(@0* () *+,& *.$0&)(./ ,& .#)#..#1 *( $ ".#4,(@& "$"#. KL=M5

6,-5 N &+(8& *+# *#9*@.# 3:@&*#.,0- .#&@:*& (0 *+# <#2.$
,/$-# 8,*+ (0# 3:@&*#.,0- /$" (0 *+# :#)* $01 ),4# &$:,#03;
/$"& )(. ),4# "$.*,3:#& '"(

# $ # ! !$ "$ # # # $ ,5

!"#"6 %&'()*+,- %)/ 012*+34/5 +, %"-

D$3+ "(,0* & 3(0*.,2@*#& ,*& ,0*#0&,*; "& ! '& $& $ O&@.)$3#
+#,-+*P $01 8# $"":; $0 DEQ3:@&*#.,0- *( ),01 *+# &":,0#
&@.)$3# /(1#:&5 6,-5 R &+(8& $ 3:@&*#.,0- .#&@:* )(. *+# <#2.$
,/$-# 8,*+ )(@. &@.)$3#&5 C+# &#3(01 .(8 &+(8& *+# )(@.
&@.)$3#& 8+,3+ .#3(4#. &(/# -:(2$: ,::@/,0$*,(0 4$.,$*,(0&5
S0:,%# *+# *#9*@.# 3:@&*#.,0- .#&@:*& 8+,3+ 3$"*@.# *+# <#2.$
&*.,"& $& $8+(:# .#-,(0A *+# &@.)$3#/(1#:& &#"$.$*# *+# 2:$3%
$01 8+,*# &*.,"#& $& *8( .#-,(0&T$0(*+#. 4$:,1 "#.3#"*,(05
?0*#.#&*,0-:;A *+# 2:$3% $018+,*# &*.,"& ,0 *+# <#2.$ &%,0 2(*+
+$4# &+$1,0- 3+$0-#& 8+,3+ $.# ),**#1 2; *+# &":,0# /(1#:&5

!!" #$$$ %&'()'*%#+() +( ,'%%$&( '('-.)#) '(/ 0'*1#($ #(%$--#2$(*$3 4+-5 6"3 (+5 73 0'. 6886

9:;5 75 <=>?<@> =AB C=D:BEFG H=IC =CCJF:=KB@ L:KM NJOA FDOCKBAC :E %,( 5 <B>?<M> =AB KMB FJDJA CID:EB COAN=FBC NJA KMB NJOA FDOCKBAC5

9:;5 !5 ' FDOCKBA:E; H=I <DBNK> NJA %"! =E@ C:P C=D:BEFG H=IC !"!
# $ # ! !--$ JN = QBRA= :H=;B <:EIOK :C :E 9:;5 S"=>5

9:;5 T5 ' FDOCKBA:E; H=I <DBNK> NJA %"" =E@ C:P C=D:BEFG H=IC !""
# $ # ! !$ # # # $ $ JN = QBRA= :H=;B <:EIOK :C :E 9:;5 S"=>5

!"#$%&' () *+# +,&*(-.$/ $01 *+# 2.#$1*+ () #$3+ "#$%
1#3,1#& ,*& 4$.,$03#5

6,-5 7 &+(8&&,9 &$:,#03;/$"&!"!
# $ # ! !$ "$ # # # $ $ )(. $ <#2.$

,/$-# !*+# (.,-,0$: ,/$-# ,& &+(80 ,0 6,-5 =>$5 ?0 *+#
3:@&*#.,0-/$"(0 *+# :#)* ,0 6,-5 7A #$3+ ",9#: ,& $&&,-0#1 *( ,*&
/(&* :,%#:; "$.*,3:#5B# &+(8 *+# 3:@&*#.,0- 2; "&#@1(3(:(.&5

!"#"$ %&'()*+,- *./ %)/ 012*+34/5 +, %""

6(. 3:@&*#.,0- ,0 %"" A $* #$3+ &@2&$/":#1 ",9#: & " %A 8#
3(/"@*# '& $& $ :(3$: ,0*#0&,*; +,&*(-.$/ '& ! #(&&$ # # # $ (&)$
$33@/@:$*#1 (4#. $ :(3$: 8,01(8 3#0*#.#1 $* &5 C+#0A $0
DE 3:@&*#.,0- ,& $"":,#1 *( 3(/"@*# *+# 3@# "$.*,3:#& $01
#$3+ "$.*,3:# '""

# $ # ! !$ # # # $* ,& $ +,&*(-.$/5 C+,& /(1#: ,&
@&#1 )(. 3:@**#. .#-,(0&5

6,-5 F &+(8& *+#3:@&*#.,0- .#&@:*&(0 *+# &$/#<#2.$ ,/$-#5

!"#"! %&'()*+,- %)/ 012*+34/5 %"(

G* #$3+ &@2&$/":#1 ",9#: & " %A 8# 3(/"@*# $ &#* () #,-+*
:(3$: +,&*(-.$/& )(. #,-+* ),:*#.& (4#. $ :(3$: 8,01(8 ()
!"% !" ",9#:&5 B# 3+((&# #,-+* ),:*#.& )(. 3(/"@*$*,(0$:
3(04#0,#03#H (0# + ),:*#.A *8(-.$1,#0* ),:*#.&A (0#I$":$3,$0()
J$@&&,$0 ),:*#.A $01 )(@. J$2(. ),:*#.&5 D$3+ +,&*(-.$/ +$&

0,0# 2,0&5 C+#0A '"(
& ! #(&$!$!$ # # # $ (&$)$*$ ,& *+# )#$*@.#5 G0 DE

3:@&*#.,0- ,& $"":,#1 *( ),01 *+# * /#$0 +,&*(-.$/&
+!#$ # ! !$ "$ # # # $*5 B# 3$0 3(/"@*# *+# 3@# "$.*,3:#& )(.
*#9*@.# /(1#:& '"(

# ).(/ +!# )(. # ! !$ "$ # # # $*5 G 1#*$,:#1
$33(@0* () *+,& *.$0&)(./ ,& .#)#..#1 *( $ ".#4,(@& "$"#. KL=M5

6,-5 N &+(8& *+# *#9*@.# 3:@&*#.,0- .#&@:*& (0 *+# <#2.$
,/$-# 8,*+ (0# 3:@&*#.,0- /$" (0 *+# :#)* $01 ),4# &$:,#03;
/$"& )(. ),4# "$.*,3:#& '"(

# $ # ! !$ "$ # # # $ ,5

!"#"6 %&'()*+,- %)/ 012*+34/5 +, %"-

D$3+ "(,0* & 3(0*.,2@*#& ,*& ,0*#0&,*; "& ! '& $& $ O&@.)$3#
+#,-+*P $01 8# $"":; $0 DEQ3:@&*#.,0- *( ),01 *+# &":,0#
&@.)$3# /(1#:&5 6,-5 R &+(8& $ 3:@&*#.,0- .#&@:* )(. *+# <#2.$
,/$-# 8,*+ )(@. &@.)$3#&5 C+# &#3(01 .(8 &+(8& *+# )(@.
&@.)$3#& 8+,3+ .#3(4#. &(/# -:(2$: ,::@/,0$*,(0 4$.,$*,(0&5
S0:,%# *+# *#9*@.# 3:@&*#.,0- .#&@:*& 8+,3+ 3$"*@.# *+# <#2.$
&*.,"& $& $8+(:# .#-,(0A *+# &@.)$3#/(1#:& &#"$.$*# *+# 2:$3%
$01 8+,*# &*.,"#& $& *8( .#-,(0&T$0(*+#. 4$:,1 "#.3#"*,(05
?0*#.#&*,0-:;A *+# 2:$3% $018+,*# &*.,"& ,0 *+# <#2.$ &%,0 2(*+
+$4# &+$1,0- 3+$0-#& 8+,3+ $.# ),**#1 2; *+# &":,0# /(1#:&5

!!" #$$$ %&'()'*%#+() +( ,'%%$&( '('-.)#) '(/ 0'*1#($ #(%$--#2$(*$3 4+-5 6"3 (+5 73 0'. 6886

9:;5 75 <=>?<@> =AB C=D:BEFG H=IC =CCJF:=KB@ L:KM NJOA FDOCKBAC :E %,( 5 <B>?<M> =AB KMB FJDJA CID:EB COAN=FBC NJA KMB NJOA FDOCKBAC5

9:;5 !5 ' FDOCKBA:E; H=I <DBNK> NJA %"! =E@ C:P C=D:BEFG H=IC !"!
# $ # ! !--$ JN = QBRA= :H=;B <:EIOK :C :E 9:;5 S"=>5

9:;5 T5 ' FDOCKBA:E; H=I <DBNK> NJA %"" =E@ C:P C=D:BEFG H=IC !""
# $ # ! !$ # # # $ $ JN = QBRA= :H=;B <:EIOK :C :E 9:;5 S"=>5

Si,v
l=1

Si,v
l=2



PRECOMPUTE MODEL PARTICLES 

For a region       ,   
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1.  Choose a model according to p 
2.  Add some small disturbance 

  



DATA DRIVEN METHODS 
Focus on boundaries and model parameters derived from 
data: compute these before MCMC starts 
 
Cue Particles: Clustering in Model Space 
K-partition Particles: Edge Detection 
 
Particles Encode Probabilities Parzen Window Style 



CUE PARTICLES IN ACTION 
Clustering in Color Space 



PARTICLES OR  
PARZEN WINDOW* LOCATIONS?  
What is this particle 
business about? 
 
A particle is just the 
position of a parzen-
window which is used 
for density estimation 

1D particles *Parzen Windowing also known as:  
Kernel Density Estimation, Non-parametric density 
estimation 



ARE YOU AWAKE:  
WHAT DID WE JUST DO? 
Define scores (Probability of Segmentation) 
! Search 
 
5 MCMC dynamics to sample for solution  

 ! solution space is so huge 
 
Data-Driven Speedup (key to making MCMC 
work in finite time) 



RESULT OF DDMCMC 
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TASK 2: OBJECT (FACE) 
DETECTION 
I: Grayscale image 

W: The objects in the image   
 Wbest = argmax

W
(P(W | I )) = argmax

W
(P(I |W ) ⋅P(W ))

2

(face) process

Detection
Detection

Prediction

Detection

Binding

(face) process (face) process

Fig. 1 Motivation of the α, β and γ inference processes using human face detection as an example. There are three cases of human
faces appearing in the top image, each of which entails a different inference process, termed the α(face), β(face) and γ(face) processes
respectively, as illustrated in the bottom panel. General identifications of the three processes are illustrated in Fig.2 and formal
definitions of the three processes are introduced in Sec.1.2.

resolution without occlusion, the second contains hu-
man faces at higher resolution but with occlusion and
the third contains human faces at extremely low resolu-
tion. Intuitively, these three cases entail three different
inference processes as illustrated in the bottom of Fig.1:
human faces in the first case can be detected directly
based on image data features, but those features work
for the first case would fail in the second and the third
cases due to occlusion and low resolution respectively.
Human faces in the second case can be computed by
binding those detectable facial components such as eyes
and mouth, etc., and those in the third case can be pre-
dicted from their detectable surrounding contexts such
as the head-shoulders. It is natural to ask the following
three questions.

(i) What inference processes, bottom-up and top-down,
can be identified for nodes in hierarchical models?

(ii) How much information does each of them con-
tribute for different nodes?

(iii) How should they be integrated to improve detec-
tion performance?

In this paper, we present a framework to study these
three questions in the task of object parsing. We formu-
late object parsing under the Bayesian inference frame-
work. We choose the And-Or graph (AoG) (Zhu and
Mumford, 2006) as our hierarchical model to represent
object grammar. The AoG is a recursive structure. First
of all, we identify three inference processes for each node
A in an AoG, termed the α(A), β(A) and γ(A) pro-
cesses. The three processes account for the three cases
as the human face example has shown in Fig.1. Then,
through scaling and masking image patches of node A,
we isolate and train the three processes separately by
blocking the other two processes and evaluate their in-
formation contributions individually by both comput-
ers and humans based on their discriminative power.
Secondly, we integrate the three processes explicitly
for robust inference to improve performance and pro-
pose a greedy pursuit algorithm for object parsing. We
choose two hierarchical case studies in our object pars-
ing experiments, one is junctions and rectangles in low-
to-middle-level vision and the other is human faces in
high-level vision. We observe that (i) the effectiveness



HOW TO MEASURE PRIOR: P(W) 
Example: rectangle detection 

15

rectangle

parallel 
line

junctions

type I type II

linelet

Fig. 9 Illustration of the AoG for junctions and rectangles. The left panel shows some positive examples of L junction, cross junction,
parallel line, T/Y/Arrow junction. Each sample of L, cross and T/Y/Arrow junctions is shown under three different scales (10 × 10
pixels, 20 × 20 pixels and 30 × 30 pixels) from which we can intuitively see that the α process would be very weak. The right-top
panel shows some samples of rectangle in which we can also know that the α process would not work well due to the variabilities. The
right-bottom panel shows the AoG for rectangle.

sampled: (x, y) ∈ Λ, s is a fixed size (often about 1/10 of
the length of Λ) and o ∈ {iπ/N, i = 0, · · · , N −1} (e.g..
N = 15). The dictionary forms an over-complete dictio-
nary for modeling IΛ. Then we obtain the sparse coding
scheme I =

!n
i=1 aiBi + U where n is the number of

selected bases, Bi = Bxi,yi,s,0i , ai’s are the coefficients
and U is the unexplained residual image. In the matrix
form, we have I = Ba + U (where B = (B1, · · · , Bn)
and a = (a1, · · · , an)

′
). In terms of linear decompo-

sition, we know that U resides in the remaining sub-
space orthogonal to B and we can write U = B̄ā (where
columns in B̄ are orthogonal to columns in B and both
B̄ and ā would be made implicit in the active basis
model). So, we have I = Ba+ B̄ā. Then, we can spec-
ify the distribution of I given B as

p(I|B) = p(a, ā) det(J) = p(a)p(ā|a) det(J) (27)

where J is the Jacobi matrix of the linear transform
from I to (a, ā) and det(J) the determinant of J .

On the other hand, let q(I) be a reference distribu-
tion (which has a few choices discussed in (Wu et al,
2009)), and similarly, we can have

q(I) = q(a, ā) det(J) = q(a)q(ā|A) det(J) (28)

In the active basis model, we want to construct p(I|B)
by modifying q(I) and assume q(ā|a) = p(ā|a), so we
have

p(I|B) = q(I)
p(a)

q(a)
= q(I)

p(a1, · · · , an)
q(a1, · · · , an)

(29)

Further, by applying the local inhibition principle, we
can treat the selected Gabor wavelet elements indepen-
dently, that is,

p(I|B) = q(I)
n"

i=1

p(ai)

q(ai)
(30)

where p(ai) is parameterized as an exponential fam-
ily model p(ai;λi) =

1
Z(λi)

exp{λih(ri)}q(ai) (ri = | <
I,Bi > |2 is the local energy of Gabor filter response
and h(ri) = sigmoid(ri) = ζ[ 2

1+e−2ri/ζ
− 1] is a sig-

moid transformation function with ζ being the satu-
ration level such as ζ = 6), and q(ai) is pooled from
generic background images at an off-line stage. The re-
sulting model is

p(I|B) = q(I)
n"

i=1

1

Z(λi)
exp{λih(ri)} (31)

And node 

Or node 

= + 

= + 
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human
face

left 
eye nose

head-
shoulder

right
eye mouth

face

(face)

face

(head-shoulder)

(Children)

face candidates from all 3 processes

face

face

AoG representation of human face Integrating inference processes in face detection

Fig. 3 Illustration of integrating the α(face), β(face) and γ(face) in the human face AoG for face detection. The three inference
processes are effective in complementary ways relatively depending on the scale and occlusion conditions. The typical situations shown
here are common to other object categories.

Definition 3: (the γ process). The γ(A) process
handles situations in which node A is at very low res-
olution. Node A can not be detected alone in isolation
based on α(A), and neither can its parts. Then, the
β(A) process also fails. An example of γ(face) process
is illustrated in the right-bottom panel of Fig.1. So, in-
formation outside of the local window must be incorpo-
rated. The γ(A) process predicts node A top-down
from a parent node whose α process is activated. In this
paper, we let the parent node pass contextual informa-
tion, such as information from some sibling nodes or
other spatial context. Most of the context-based meth-
ods (Torralba, 2003; Hoiem et al, 2008; Fink and Per-
ona, 2003) belong to this process.

For node A, all the three inference processes, α(A),
β(A) and γ(A), contribute to computing it from images
in complementary ways. The effectiveness of each pro-
cess depends on the scale and occlusion conditions. As
shown in Fig.3, the three cases of human faces shown
in Fig.1 can be handled by the α(face), β(face) and
γ(face) respectively. Intuitively, for robust inference we
should integrate them. As an AoG is a recursive struc-
ture, the three inference processes are also defined re-
cursively and each And-node has its own α, β and γ
inference processes (except that the γ process of the
root node and the β processes of leaf nodes are always
disabled).

Motivation for training the α, β and γ processes sepa-
rately. In this paper, we train the three processes sepa-
rately based on their respective isolated training data.
We introduce the isolation method in Sec.4.1. Here, we
propose the motivation and necessity to do that. Sup-
pose we want to learn a human face classifier (ie. the
α(face) process). There are two choices in selecting pos-
itive examples: (i) only face examples like those pointed
by the α(face) arrow in Fig.3, or (ii) a set of human face
examples mixing all those shown in the right middle box
in Fig.3. In the literature, people often get positive ex-
amples by cropping image patches only based on the
labelled bounding boxes. When labelling the bounding
box for an object instance, however, one often already
takes advantage of all the information coming from the
α, β and γ processes. Often, most of existing work of-
ten trained a classifier based on a set of mixed positive
examples (especially, mixing the α case and the γ case).
Then, the learned classifier could be contaminated de-
pending on the mixing rate implicitly (Torralba and
Murphy, 2007; Fink and Perona, 2003; Avidan, 2006).
We can explain the contamination. Generally, whether
a feature is selected into a classifier depends on how
different the feature responses of positive examples and
those of negative examples are. The feature responses
of a set of mixing positive examples do not reflect the
true discriminative power of the feature, however.

Example: face detection 
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Define the And/Or graph (AOG) 

Each object is represented by a parse graph, which is an 
instance of the AOG by selecting parameter for each node.  

8

ways stated above. We have,

pg = (V pg
N , V pg

T , Epg, p(pg)) (2)

where V pg
N = V pg

and∪V pg
or (V pg

N ⊂ VN ) is the nonterminal
node set of the parse graph, V pg

T ⊂ VT is the terminal
node set and Epg = Epg

or ∪Epg
dec ∪Epg

t ∪Epg
rel (E

pg ⊂ E)
is the edge set. We have a parse tree if we omit the
horizontal relation edges Epg

rel ⊂ Epg in a parse graph.
p(pg) is the prior probability of parse graph pg,

measuring the occurring probability of each switching
edge < O,A >∈ Epg

or and the compatibility proba-
bilities among the attributes of And-nodes (pairwise
used in this paper) in V pg

and with vertical decomposi-
tion edge < P,A >∈ Epg

dec and horizontal relation edge
< Ci, Cj >∈ Epg

rel. So, we have,

p(pg) =
1

Z
exp{−E(pg)} (3)

where Z =
!

pg exp{−E(pg)} is the partition function
and E(pg) is the total energy,

E(pg) =−
"

<O,A>∈Epg
or

log p(A|O)

−
"

<P,A>∈Epg
dec

log p(X(A)|X(P ))

−
"

<Ci,Cj>∈Epg
rel

log p(X(Ci), X(Cj)) (4)

and p(A|O) is the switching probability estimated by
the occurring frequency in training data (Zhu and Mum-
ford, 2006), p(X(A)|X(P )) captures the top-down pre-
diction model and p(X(Ci), X(Cj)) captures the com-
patibilities in the bottom-up binding model. They will
be specified in the learning algorithm in Sec.4.

Given an input image I with domain defined on lat-
tice Λ, the inference of AoG is to construct a parse
graph for each object instance and its structure is not
predefined but inferred on the fly.

Configuration. A configuration C is the set of all ter-
minal nodes in a valid parse graph pg, flattened in an
image lattice.

C(pg) = {(t, x(t)) : t ∈ V pg
T } (5)

The image data likelihood of a parse graph pg, p(I|pg),
is measured based on the terminal nodes in V pg

T (since
they link to image data). Further, if there was no oc-
clusion between different terminal nodes (which is true
for roughly rigid object categories such as the human
face), we can factorize the likelihood as,

p(I|pg) = p(I|C(pg)) =
#

t∈V pg
T

p(IΛt |t) (6)

where Λt ∈ Λ is the image domain occupied by the
terminal node t.

In inference, we do not need compute p(I|pg) ex-
actly, instead we measure the likelihood ratio between
p(I|pg) and a reference background model which is made
implicitly in our derivation.

2.2 Bayesian formulation of object parsing using AoG

An AoG represents the object grammar of an object
category. Given an input image IΛ, it contains an un-
known number K object instances at different scales.
Some object instances may be occluded. Each object in-
stance is represented by a parse graph pgk (k = 1, · · · ,K).
For the human face parsing, Fig.1 shows a typical test-
ing image and the left-bottom panel in Fig.5 shows a
number of inferred parse trees of human face instances.

The goal of object parsing using AoG is to construct
a parse graph for each object instance in IΛ on the fly.
We seek a world representation W for image IΛ,

W = (K, {pgk}Kk=1) (7)

Under the Bayesian framework, we infer W by max-
imizing a posterior probability,

W ∗ = arg max
W∈Ω

p(W |IΛ) = arg max
W∈Ω

p(W )p(IΛ|W ) (8)

where Ω is the solution space.
The prior probability p(W ) is,

p(W ) = p(K)
K#

k=1

p(pgk) (9)

where p(K) is the prior distribution for the number
of object instances (for example, an exponential model
p(K) ∝ exp{−λ0K}) and p(pgk) is the prior model of
a parse graph already addressed in Eqn.3 in Sec.2.1.

The likelihood p(IΛ|W ). Let Λpgk
be the image lat-

tice occupied by the parse graph pgk (1 ≤ k ≤ K).
Denote Λfg = ∪K

k=1Λpgk
as the foreground lattice and

Λbg = Λ \ Λfg as the remaining background lattice.
IΛ = (IΛfg , IΛbg ). Let q(I) be the generic background
model which will be made implicit in our derivation.
The likelihood p(IΛ|W ) is,

p(IΛ|W ) = p(IΛfg |W )q(IΛbg )

=
p(IΛfg |W )q(IΛbg )q(IΛfg )

q(IΛfg )

= q(IΛ)
p(IΛfg |W )

q(IΛfg )

= q(IΛ)
K#

k=1

p(IΛpgk
|pgk)

q(IΛpgk
)

(10)

Or node 

And node: top down 

And node: bottom up 

All these probability distribution can be learned from training data 
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III. The γ process training dataset. Let D+
γ (A|P ) de-

note the positive training dataset for the γ(A|P ) pro-
cess. Through the isolation method of the γ process, for
each Ii ∈ D+, we can get the γ image patch of node A
given the parent node P , denoted by I(P )

i . So, we have,

D+
γ (A|P ) = {(I(P )

i , X(A|I(P )
i )) : i = 1, 2, · · · ,m}

where X(A|I(P )
i ) is the attributes of node A measured

in I(P )
i , which will be used to learn the top-down γ

prediction model p(X(A)|X(P )) of node A given the
parent node P .

When node P only has one child node A, we can
transform the γ prediction model of node A given the
parent node P p(X(A)|X(P )) into the β binding model
of node P given the child node A equivalently.

In the same way, we can get the attributesX(Cj |I(A)
i )

to learn top-down γ prediction models p(X(Cj)|X(A))’s
for child nodes Cj ’s of node A where Cj ∈ ch(A),

I(A)
i ∈ D+

α (A).

Correspondingly, we collect negative datasetsD−
α (A),

D−
β (A|c) and D−

γ (A|P ) by randomly cropping image
patches from generic background images.

Scale specifications in experiments. In the experiments
for evaluating the information contributions in Sec.6.1,
we prepare the data for multiple scales to observe how
the information contributions change with scales. In the
experiments for object parsing by integrating the α, β
and γ processes of node A in Sec.6.2, we use fixed rela-
tive scales for the three processes. Consider the scales of
the compact image patches of node A in these three pro-
cesses, denoted by sα(A), sβ(A) and sγ(A) respectively.
We set sα(A) = b× sγ(A) =

1
b × sβ(A) (b = 2 used in our

current experiments).

Given the data, we specify the training procedure
under the MLE framework in the next section.

4.3 Learning the α process

Learning the α process involves selecting a modeling
scheme for α(A; θ) and estimating the parameters θ by
maximizing the data likelihood onD+

α (A). For example,
in discriminative boosting methods, θA is the learned
strong classifier which consists of a set of boosted weak
classifiers and the corresponding weights (Viola and
Jones, 2004), and in generative model-based methods
such as the active basis model, θ is the set of parame-
ters specify the learned deformable template (Wu et al,

Fig. 8 Illustration of learned α, β binding and γ prediction mod-
els for human face. The top panel shows the learned active basis
model for the α process of each terminal node. The left-bottom
panel illustrates the binding model for the β process in which the
outside red box is the bounding box of face and the inside dash
boxes are for the parts and the ellipses represent the location
following a Gaussian distribution. The right-bottom panel shows
the prediction model for the γ process in which the outside green
box is the bounding box of head-shoulder and the inside solid and
dash boxes represent the changeable size of the bounding box of
face and the red ellipse represent the location of face following a
Gaussian distribution.

2009). Given D+
α (A), we have,

α(A; θ∗) = argmax
θ

p(D+
α (A)|A; θ)

= argmax
θ

m!

i=1

log p(I(A)
i |A; θ) (26)

Solving α(A; θ∗) depends on choosing a specific mod-
eling scheme for p(I|A; θ). In this paper, we use the ac-
tive basis model which is briefly introduced here for this
paper to be self-contained.

Active basis model. The active basis model is a de-
formable model which consists of a small number of Ga-
bor wavelet elements (as visual primitives for modeling
object category) at selected locations and orientations.
These Gabor wavelet elements can slightly perturb their
locations and orientations before they are linearly com-
bined to generate the observed image. Let Λ be the do-
main of the image patch I and {Bx,y,s,o} the dictionary
of Gabor wavelet elements. The (x, y, s, o) are densely
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The scores of part detector, trained separately. 

log(P(I |W ))

Inference: 
1.  Find activation of each part 
2.  Convert head shoulder detection to face detection, merge if possible 
3.  Convert eye/nose/mouth detection, merge if possible  
4.  Select the top ones 
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Learned Thresholds

(a) Illustration of results of the processes of all nodes in the human face AoG

(b) Illustration of generating parse graph proposals

(c) Results of pursuing parse graphs for each human face instance by integrating the and processes
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Fig. 5 A running example of pursuing human faces and constructing corresponding parse graphs in a typical image by integrating
the α, β and γ processes. The learning algorithms of the three processes are specified in Sec.4. In this figure, (a) shows the results of
running all the α processes with a number of candidates of each node. (b) illustrates how we generate parse graph proposals. After
applying the learned thresholds, we get promising candidates of each node and then run all the β and γ processes to propose possible
parse graphs. (c) shows the results of pursuing object instances and constructing their parse graphs on the fly by integrating the α, β
and γ processes in the proposed algorithm. In a greedy manner, we can get the pursuit indexes of all the object instances. For each
object instance, we know the construction of the parse graph explicitly, which goes beyond only a bounding box for each detected
object instance in traditional object detection. (Best viewed in color)

AND OR GRAPH 
LIKELIHOOD 



WAKE UP 
What have we learned up to now: 

 Bayesian framework: 
 A framework inferring model base on observation 

  1. likelihood: observation related 

  2. prior: prior knowledge about the problem 

 AOG: a graph model of prior knowledge 

 Inference: 
  1. If space of W is large: sampling or greedy search 

  2. or: sacrifice model and get global optima 

P(W | I )∝P(I |W ) ⋅P(W )



CONTEXT 
AOG models relation between parts with graph 

 Problem: hand-coded context 
 1. miss the useful context in prior knowledge 

 2. add useless context and hard to calibrate 

 

More flexible way of handling context information: 

Auto Context 



AUTO CONTEXT 
Task: Binary segmentation 

 
 

 

Method: Take feature from each pixel. Train a binary classifier 
to make decision for each pixel. (data unit:  pixel) 

 

 
 

maximizing a posterior (MAP)

Y ∗ = arg max p(Y |X) = arg max p(X |Y )p(Y ).

As mentioned before, the main difficulties for the MAP
framework come from two aspects. (1) modeling: it is very
hard to learn accurate p(X |Y ) and p(Y ) for real-world ap-
plications. Both of them have high complexity and usually
do not follow independent identical distribution (i.i.d.). (2)
computing: The combination of the p(X |Y ) and p(Y ) is
often non-regular. Besides many recent advances made in
optimization and energy minimization [21], a general and
immediate solution yet remains out of reach.

Instead of decomposing p(Y |X) into p(X |Y ) and p(Y ),
we study the posterior directly. Moreover, we look at the
marginal distribution P = (p1, ...,pn) where pi, as a vec-
tor for discrete labels, denotes the marginal distribution of

p(yi|X) =
!

p(yi, y−i|X)dy−i, (1)

where y−i refers to the rest of y other than yi. This is seem-
ingly a more challenging task as it requires to integrate out
all the dy−i. Next, we discuss how to approach this.

2.2. Traditional classification approaches

A traditional way to approximate eqn. (1) is by treat-
ing it as a classification problem. Usually, a classifier is
considered to be translation invariant. The training set be-
comes S = {(yji, Xj(Ni)), j = 1..m, i = 1..n}. Instead
of using the entire image Xj , the training set includes im-
age patch centered at each i, Xj(Ni). Ni denotes all the
pixels in the patch. In the context of boosting algorithms, it
was shown [5, 4] that one can learn the posterior based on
logistic regression

p(y = k|X(N)) =
eFk(X(N))

"K
k=1 eFk(X(N))

,
K#

k=1

Fk(X(N)) = 0.

(2)
Fk(X(N)) =

"T
t=1 αk,t · hk,t(X(N)) is the strong classi-

fier on a weighted sum of selected weak classifier hk,t for
label k. The learned posterior marginal, p(y = k|X(N)),
is a very crude approximation to eqn. (1) and it only uses
some context implicitly through image patch X(N). Due
to this limitation, the well-known CRFs or Discriminative
Markov Random Fields (DRFs) model [9] tries to explic-
itly include the context information by adding another term
p(yi1, yi2|X(Ni1), X(Ni2)). Though CRFs has been suc-
cessfully applied in many applications [9, 10, 17], it still has
the limitations similar to those in the MRFs as discussed in
Sect. (1). CRFs still uses fixed neighborhood structure with
fairly limited number of connections. The computing com-
plexity explodes on a large neighborhood (clique) structure.
This limits their modeling capability and only short-range

context is used in most cases (the long-range context model
in [10] uses a few connections). Also, it limits their comput-
ing capability since the interactions are slowly propagated
through pair-wise relations.

2.3. Auto-context

classifier 1training
X)|P(y

classifier 2 classifier n

X)|(yP(0) X)|(yP(1) X)|(yP 1)-(n X)|(yP(n)

X

Figure 1. Illustration of the classification map updated at each round for the horse
segmentation problem. The red rectangles are those selected contexts in training.

To better approximate the marginals in eqn. (1) by in-
cluding a large number of context information, we propose
an auto-context model. As mentioned above, a traditional
classifier can learn a classification model based on local im-
age patches, which now we call

P(0) = (p(0)
1 , ...,p(0)

n )

where p(0)
i is the posterior marginal for each pixel i learned

by eqn. (2). We construct a new training set

S1 = {(yji, Xj(Ni),P(0)
j (i)), j = 1..m, i = 1..n}, (3)

where P(0)
j (i)) is the classification map for the jth training

image centered at pixel i. We train a new classifier, not only
on the features from the image patch Xj(Ni), but also on
the probabilities, P(0)

j (i)), of a large number context pix-
els. These pixels can be either near or very far from i, and
Fig. (1) shows an illustration. It is up to the learning algo-
rithm to select and fuse important supporting context pixels,
together with features about image appearance. Once a new
classifier is learned, the algorithm repeats the same proce-
dure until it converges. The algorithm iteratively updates
the marginal distribution to approach

p(n)(yi|X(Ni),P(n−1))→ p(yi|X) =
!

p(yi, y−i|X)dy−i.

(4)
In theorem 1 we show that the algorithm is asymptotically
approaching p(yi|X) without doing explicit integration. A
more direct link between the two, however, is left for future
research.

In fact, even the first classifier is trained the same way
as the others by giving it a probability map of uniform dis-
tribution. Since the uniform distribution is not informative
at all, the context features are not selected by the first clas-
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AUTO CONTEXT 

not choose any context features as they are not informative
at all. Starting from the second classifier, nearly 90% of the
features selected are context features with the rest being the
image features. This demonstrates the importance of using
the context information in clarifying the ambiguities.
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(a) (b)
Figure 3. (a) shows the training and test errors at different stages of auto-context
for horse segmentation. (b) gives the precision-recall curves by different algorithms
and PBT based auto-context algorithm achieves the best result, particularly in the
high-recall area.

Fig. (3.a) shows the F − value =
Precision×Recall

2(Precision+Recall) [17] for the different stages of the
auto-context algorithm. Since cascade of AdaBoost al-
gorithm is widely used in computer vision, we illustrate
the auto-context algorithm using a cascade of AdaBoost
and PBT classifiers. Moreover, we conduct an experi-
ment, as suggested in [28], to train the system with the
appearance, rather than probabilities, of the context pixels.
Several observations we can make from this figure: (1) the
auto-context algorithm significantly improve the results
over patch-based classification methods; (2) auto-context
model is effective on both types of classifiers; (3) using
appearance context does not improve the result (even
slightly worse); (4) The second stage of the auto-context
usually gives the biggest improvement.

Fig. (2) gives the procedures of the auto-context algo-
rithm in which all the uncertainties are carried out in a prob-
abilistic fashion with no hard thresholding. One might think
that if the previous classifier has already made a firm deci-
sion on a particular sample, then it is probably a waste to
include this sample in the next step. We design a variation
to the auto-context algorithm, called auto-context-th which
is similar to auto-context. The only difference is that if any
pixel for i for any label k if p(yi = k|X) ≥ th where th is a
threshold, then this pixel will not be used in the next round
of training. The training time of auto-context-th does appear
to be less, but the performance is slightly worse than auto-
context. Fig. (3.b) gives the full precision-recall curves for
various algorithms. The final version of PBT based auto-
context achieves the best result. It significantly outperforms
the CRFs model based algorithm (shown as L+M (Ren et
al.)) in Fig. (3.b) and it also shows improvement than hybrid
model algorithm [11]. Training takes about half a day for
auto-context using cascade and a couple of days for auto-
context using PBT, with both having 5 stage of classifiers.

In testing, it takes about 40 seconds to compute the final
probability maps. Fig. (4) shows some results and the bot-
tom two are the images with the worst scores. As we can
see, even these results are not too bad. Though our pur-
pose is not to design a specific horse segmentation algo-
rithm, our algorithm outperforms many the existing algo-
rithms reported so far [17, 11, 3, 26]. Also, auto-context
model is very general and easy to implement. There is no
need to design specific features, which makes the system di-
rectly protable to a variety of other applications. However,
pursing feature design by human intelligence is still a very
interesting and promising direction.

Figure 4. The first and the fifth column displays some test images from the Weiz-
mann dataset [3]. Other columns show probability maps by the different stages of the
auto-context algorithm. The last row shows two images with the worst scores.

The Weizmann dataset contains one horse in each image
and they are mostly centered. To further test the perfor-
mance of a trained auto-context on other images, we col-
lect some images from Google in which there are multiple
horses at various scales. Fig. (5) shows the input images and
the results by auto-context. Notice that the small horse next
to the big one in the second figure of Fig. (5.a) is labeled as
the background.

(a) (b)
Figure 5. The first row in (a) shows some images searched by Google by typing
key word “horses”. The second row displays the final probability map by the auto-
context algorithm trained on the Weizmann dataset [3]. (b) is the confusion matrix
on the test images from the Berkeley human body dataset [13]. The head, main body,
left thigh and right thigh can be mostly detected correctly.

3.2. Human body configuration
To further illustrate the effectiveness of the auto-context

algorithm, we apply it on another problem, human body
configuration. Each body part is assigned with a label.
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BETTER CLASSIFIER? 
Problem of auto-context: 

    1. may still lost important context information 
    2. weak feature: pixel value 

    3. no weight on context, heavily relies on classifier 

 

To get powerful context information from SEGMENTATION 
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GEOMETRIC CONTEXT 
Task: Geometric Labeling (pixel-wise labeling) 

(a) input image (b) superpixels (c) constellations (d) labeling (e) novel view
Figure 2: 3D Model Estimation Algorithm. To obtain useful statistics for modeling geometric classes, we must first find uniformly-labeled
regions in the image by computing superpixels (b) and grouping them into multiple constellations (c). We can then generate a powerful set
of statistics and label the image based on models learned from training images. From these labels, we can construct a simple 3D model (e) of
the scene. In (b) and (c), colors distinguish between separate regions; in (d) colors indicate the geometric labels: ground, vertical, and sky.

single image. [Liebowitz et al. 1999; Criminisi et al. 2000] offer
the most accurate (but also the most labor-intensive) approach, re-
covering a metric reconstruction of an architectural scene by using
projective geometry constraints [Hartley and Zisserman 2004] to
compute 3D locations of user-specified points given their projected
distances from the ground plane. The user is also required to spec-
ify other constraints such as a square on the ground plane, a set of
parallel “up” lines and orthogonality relationships. Most other ap-
proaches forgo the goal of a metric reconstruction, focusing instead
on producing perceptually pleasing approximations. [Zhang et al.
2001] models free-form scenes by letting the user place constraints,
such as normal directions, anywhere on the image plane and then
optimizing for the best 3D model to fit these constraints. [Ziegler
et al. 2003] finds the maximum-volume 3D model consistent with
multiple manually-labeled images. Tour into the Picture [Horry
et al. 1997], the main inspiration for this work, models a scene
as an axis-aligned box, a sort of theater stage, with floor, ceiling,
backdrop, and two side planes. An intuitive “spidery mesh” inter-
face allows the user to specify the coordinates of this box and its
vanishing point. Foreground objects are manually labeled by the
user and assigned to their own planes. This method produces im-
pressive results but works only on scenes that can be approximated
by a one-point perspective, since the front and back of the box are
assumed to be parallel to the image plane. This is a severe limita-
tion (that would affect most of the images in this paper, including
Figure 1(left)) which has been partially addressed by [Kang et al.
2001] and [Oh et al. 2001], but at the cost of a less intuitive inter-
face.

Automatic methods exist to reconstruct certain types of scenes from
multiple images or video sequences (e.g. [Nistér 2001; Pollefeys
et al. 2004]), but, to the best of our knowledge, no one has yet
attempted automatic single-view modeling.

1.2 Intuition

Consider the photograph in Figure 1(left). Humans can easily grasp
the overall structure of the scene – sky, ground, relative positions of
major landmarks. Moreover, we can imagine reasonably well what
this scene would look like from a somewhat different viewpoint,
even if we have never been there. This is truly an amazing ability
considering that, geometrically speaking, a single 2D image gives
rise to an infinite number of possible 3D interpretations! How do
we do it?

The answer is that our natural world, despite its incredible richness
and complexity, is actually a reasonably structured place. Pieces of
solid matter do not usually hang in mid-air but are part of surfaces
that are usually smoothly varying. There is a well-defined notion
of orientation (provided by gravity). Many structures exhibit high
degree of similarity (e.g. texture), and objects of the same class
tend to have many similar characteristics (e.g. grass is usually green
and can most often be found on the ground). So, while an image

offers infinitely many geometrical interpretations, most of them can
be discarded because they are extremely unlikely given what we
know about our world. This knowledge, it is currently believed, is
acquired through life-long learning, so, in a sense, a lot of what we
consider human vision is based on statistics rather than geometry.

One of the main contributions of this paper lies in posing the classic
problem of geometric reconstruction in terms of statistical learning.
Instead of trying to explicitly extract all the required geometric pa-
rameters from a single image (a daunting task!), our approach is to
rely on other images (the training set) to furnish this information in
an implicit way, through recognition. However, unlike most scene
recognition approaches which aim to model semantic classes, such
as cars, vegetation, roads, or buildings [Everingham et al. 1999;
Konishi and Yuille 2000; Singhal et al. 2003], our goal is to model
geometric classes that depend on the orientation of a physical ob-
ject with relation to the scene. For instance, a piece of plywood
lying on the ground and the same piece of plywood propped up by
a board have two different geometric classes but the same semantic
class. We produce a statistical model of geometric classes from a
set of labeled training images and use that model to synthesize a 3D
scene given a new photograph.

2 Overview

We limit our scope to dealing with outdoor scenes (both natural and
man-made) and assume that a scene is composed of a single ground
plane, piece-wise planar objects sticking out of the ground at right
angles, and the sky. Under this assumption, we can construct a
coarse, scaled 3D model from a single image by classifying each
pixel as ground, vertical or sky and estimating the horizon position.
Color, texture, image location, and geometric features are all useful
cues for determining these labels. We generate as many potentially
useful cues as possible and allow our machine learning algorithm
(decision trees) to figure out which to use and how to use them.
Some of these cues (e.g., RGB values) are quite simple and can
be computed directly from pixels, but others, such as geometric
features require more spatial support to be useful. Our approach
is to gradually build our knowledge of scene structure while being
careful not to commit to assumptions that could prevent the true
solution from emerging. Figure 2 illustrates our approach.

Image to Superpixels
Without knowledge of the scene’s structure, we can only compute
simple features such as pixel colors and filter responses. The first
step is to find nearly uniform regions, called “superpixels” (Figure
2(b)), in the image. The use of superpixels improves the efficiency
and accuracy of finding large single-label regions in the image. See
Section 4.1 for details.

Superpixels to Multiple Constellations
An image typically contains hundreds of superpixels over which we

(a) Input (b) Superpixels (c) Multiple Hypotheses (d) Geometric Labels
Figure 2: To obtain useful statistics for modeling geometric classes, we slowly build our structural knowledge of the image: from pixels
(a), to superpixels (b), to multiple potential groupings of superpixels (c), to the final geometric labels (d).

age, we rely on other images (a training set) to furnish this
information in an implicit way, through recognition. But
in contrast to most recognition approaches that model se-
mantic classes, such as cars, vegetation, roads, or build-
ings [21, 6, 14, 28], our goal is to model geometric classes
that depend on the orientation of a physical object with rela-
tion to the scene. For instance, a piece of plywood lying on
the ground and the same piece of plywood propped up by
a board have two different geometric classes. Unlike other
reconstruction techniques that require multiple images (e.g.
[23]), manual labeling [4, 17], or very specific scenes [9],
we want to automatically estimate the 3D geometric prop-
erties of general outdoor scenes from a single image.

The geometric context is philosophically similar to the
2 1

2D sketch proposed by David Marr [18]. However, we
differ from it in several important ways: 1) we use statisti-
cal learning instead of relying solely on a geometric or pho-
tometric methodology (e.g. Shape-from-X methods), 2) we
are interested in a rough sense of the scene geometry, not
the orientation of every single surface, and 3) our geometric
context is to be used with the original image data, not as a
substitute for it.

We observed two tendencies in a sampling of 300 out-
door images that we collected using Google’s image search
The first is that over 97% of image pixels belong to one of
three main geometric classes: the ground plane, surfaces
at roughly right angles to the ground plane, and the sky.
Thus, our small set of geometric classes is sufficient to pro-
vide an accurate description of the surfaces in most images.
Our second observation is that, in most images, the camera
axis is roughly parallel (within 15 degrees) to the ground
plane. We make this rough alignment an assumption, rec-
onciling world-centric cues (e.g. material) and view-centric
cues (e.g. perspective).

Our main insight is that 3D geometric information can be
obtained from a single image by learning appearance-based
models of surfaces at various orientations. We present a
framework that progressively builds structural knowledge
of the scene by alternately using estimated scene struc-
ture to compute more complex image features and using
these more complex image features to gain more structural
knowledge. Additionally, we provide a thorough analysis of
the impact of different design choices in our algorithm and
offer evidence of the usefulness of our geometric context.

2. Obtaining Useful Geometric Cues
A patch in the image could theoretically be generated by a
surface of any orientation in the world. To determine which
orientation is most likely, we need to use all of the available
cues: material, location, texture gradients, shading, vanish-
ing points, etc. Much of this information, however, can be
extracted only when something is known about the structure
of the scene. For instance, knowledge about the intersection
of nearly parallel lines in the image is often extremely use-
ful for determining the 3D orientation, but only when we
know that the lines belong to the same planar surface (e.g.
the face of a building or the ground). Our solution is to
slowly build our structural knowledge of the image: from
pixels to superpixels to related groups of superpixels (see
Figure 2).

Our first step is to apply the over-segmentation method
of Felzenszwalb et al. [7] to obtain a set of “superpixels”.
Each superpixel is assumed to correspond to a single label
(superpixels have been shown to respect segment bound-
aries [24]). Unlike plain pixels, superpixels provide the
spatial support that allows us to compute some basic first-
order statistics (e.g. color and texture). To have any hope
of estimating the orientation of large-scale surfaces, how-
ever, we need to compute more complex geometric features
that must be evaluated over fairly large regions in the image.
How can we find such regions? One possibility is to use a
standard segmentation algorithm (e.g. [27]) to partition the
image into a small number of homogeneous regions. How-
ever, since the cues used in image segmentation are them-
selves very basic and local, there is little chance of reliably
obtaining regions that correspond to entire surfaces in the
scene.

2.1. Multiple Hypothesis Method
Ideally, we would evaluate all possible segmentations of an
image to ensure that we find the best one. To make this
tractable, we sample a small number of segmentations that
are representative of the entire distribution. Since sampling
from all of the possible pixel segmentations is infeasible, we
reduce the combinatorial complexity of the search further
by sampling sets of superpixels.

Our approach is to make multiple segmentation hypothe-
ses based on simple cues and then use each hypothesis’ in-
creased spatial support to better evaluate its quality. Differ-
ent hypotheses vary in the number of segments and make
errors in different regions of the image (see Figure 2c). Our
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(a) Input (b) Superpixels (c) Multiple Hypotheses (d) Geometric Labels
Figure 2: To obtain useful statistics for modeling geometric classes, we slowly build our structural knowledge of the image: from pixels
(a), to superpixels (b), to multiple potential groupings of superpixels (c), to the final geometric labels (d).

age, we rely on other images (a training set) to furnish this
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2 1
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We observed two tendencies in a sampling of 300 out-
door images that we collected using Google’s image search
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the impact of different design choices in our algorithm and
offer evidence of the usefulness of our geometric context.

2. Obtaining Useful Geometric Cues
A patch in the image could theoretically be generated by a
surface of any orientation in the world. To determine which
orientation is most likely, we need to use all of the available
cues: material, location, texture gradients, shading, vanish-
ing points, etc. Much of this information, however, can be
extracted only when something is known about the structure
of the scene. For instance, knowledge about the intersection
of nearly parallel lines in the image is often extremely use-
ful for determining the 3D orientation, but only when we
know that the lines belong to the same planar surface (e.g.
the face of a building or the ground). Our solution is to
slowly build our structural knowledge of the image: from
pixels to superpixels to related groups of superpixels (see
Figure 2).

Our first step is to apply the over-segmentation method
of Felzenszwalb et al. [7] to obtain a set of “superpixels”.
Each superpixel is assumed to correspond to a single label
(superpixels have been shown to respect segment bound-
aries [24]). Unlike plain pixels, superpixels provide the
spatial support that allows us to compute some basic first-
order statistics (e.g. color and texture). To have any hope
of estimating the orientation of large-scale surfaces, how-
ever, we need to compute more complex geometric features
that must be evaluated over fairly large regions in the image.
How can we find such regions? One possibility is to use a
standard segmentation algorithm (e.g. [27]) to partition the
image into a small number of homogeneous regions. How-
ever, since the cues used in image segmentation are them-
selves very basic and local, there is little chance of reliably
obtaining regions that correspond to entire surfaces in the
scene.

2.1. Multiple Hypothesis Method
Ideally, we would evaluate all possible segmentations of an
image to ensure that we find the best one. To make this
tractable, we sample a small number of segmentations that
are representative of the entire distribution. Since sampling
from all of the possible pixel segmentations is infeasible, we
reduce the combinatorial complexity of the search further
by sampling sets of superpixels.

Our approach is to make multiple segmentation hypothe-
ses based on simple cues and then use each hypothesis’ in-
creased spatial support to better evaluate its quality. Differ-
ent hypotheses vary in the number of segments and make
errors in different regions of the image (see Figure 2c). Our
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In an experiment comparing our segmentations with
ground truth, using our simple grouping method, 40%
of the regions were homogeneously labeled3, 89% of the
superpixels were in at least one homogeneous region for
the main classes, and 61% of the vertical superpixels were
in at least one homogeneous region for the subclasses. A
superpixel that is never in a homogeneous region can still
be correctly labeled, if the label that best describes the
region is the superpixel’s label.

3.2. Geometric Labeling
We compute the features for each region (Table 1) and es-
timate the probability that all superpixels have the same la-
bel (homogeneity likelihood) and, given that, the confidence
in each geometric label (label likelihood). After forming
multiple segmentation hypotheses, each superpixel will be
a member of several regions, one for each hypothesis. We
determine the superpixel label confidences by averaging the
label likelihoods of the regions that contain it, weighted by
the homogeneity likelihoods:

C(yi = v|x) =

nhX

j

P (yj = v|x, hji)P (hji|x) (2)

where C is the label confidence, yi is the superpixel
label, v is a possible label value, x is the image data, nh

is the number of hypotheses, hji defines the region that
contains the ith superpixel for the jth hypothesis, and
yj is the region label.4 The sum of the label likelihoods
for a particular region and the sum of the homogeneity
likelihoods for all regions containing a particular superpixel
are normalized to sum to one. The main geometric labels
and vertical subclass labels are estimated independently
(subclass labels are assigned to the entire image but are
applied only to vertical regions).

Training. We first create several segmentation hypotheses
for each training image using the learned pairwise likeli-
hoods. We then label each region with one of the main ge-
ometric classes or “mixed” when the region contains mul-
tiple classes and label vertical regions as one of the sub-
classes or “mixed”. Each label likelihood function is then
learned in a one-vs.-rest fashion, and the homogeneity like-
lihood function is learned by classifying “mixed” vs. ho-
mogeneously labeled. Both the label and the homogeneity
likelihood functions are estimated using the logistic regres-
sion version of Adaboost [3] with weak learners based on
eight-node decision trees [8]. Decision trees make good
weak learners, since they provide automatic feature selec-
tion and limited modeling of the joint statistics of features.
Since correct classification of large regions is more impor-
tant than of small regions, the weighted distribution is ini-

3To account for small manual labeling errors, we allow up to 5% of the
a region’s pixels to be different than the most common label.

4If one were to assume that there is a single “best” hypothesis, Equa-
tion 2 has the interpretation of marginalizing over a set of possible hy-
potheses.

Geometric Class
Ground Vertical Sky

Ground 0.78 0.22 0.00
Vertical 0.09 0.89 0.02
Sky 0.00 0.10 0.90

Table 2: Confusion matrix for the main geometric classes.

Vertical Subclass
Left Center Right Porous Solid

Left 0.15 0.46 0.04 0.15 0.21
Center 0.02 0.55 0.06 0.19 0.18
Right 0.03 0.38 0.21 0.17 0.21
Porous 0.01 0.14 0.02 0.76 0.08
Solid 0.02 0.20 0.03 0.26 0.50

Table 3: Confusion matrix for the vertical structure subclasses.

tialized to be proportional to the percentage of image area
spanned.

4. Results
We test our system on 250 images using 5-fold cross-
validation. We note that the cross-validation was not used to
select any classification parameters. Accuracy is measured
by the percentage of image pixels that have the correct la-
bel, averaged over the test images. See our web site for the
250 input images, the ground truth labels, and our results.

4.1. Geometric Classification
Figure 4 shows the labeling results of our system on a sam-
ple of the images. Tables 2 and 3 give the confusion ma-
trices of the main geometric classes (ground plane, vertical
things, sky) and the vertical subclasses (left-facing plane,
front-facing plane, right-facing plane, porous non-planar,
solid non-planar). The overall accuracy of the classifica-
tion is 86% and 52% for the main geometric classes and
vertical subclasses, respectively (see Table 4 for baseline
comparisons with simpler methods). The processing time
for a 640x480 image is about 30 seconds using a 2.13GHz
Athalon processor and unoptimized MATLAB code.

As the results demonstrate, vertical structure subclasses
are much more difficult to determine than the main geomet-
ric classes. This is mostly due to ambiguity in assigning
ground truth labels, the larger number of classes, and a re-
duction of useful cues (e.g. material and location are not
very helpful for determining the subclass). Our labeling
results (Figures 4 and 5), however, show that many of the
system’s misclassifications are still reasonable.

4.2. Importance of Structure Estimation
Earlier, we presented a multiple hypothesis method for ro-
bustly estimating the structure of the underlying scene be-
fore determining the geometric class labels. To verify that
this intermediate structure estimation is worthwhile, we
tested the accuracy of the system when classifying based on
only class priors (CPrior), only pixel locations (Loc), only
color and texture at the pixel level (Pixel), all features at the
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Feature Descriptions Num
Color 16
C1. RGB values: mean 3
C2. HSV values: C1 in HSV space 3
C3. Hue: histogram (5 bins) and entropy 6
C4. Saturation: histogram (3 bins) and entropy 4
Texture 15
T1. DOOG filters: mean abs response of 12 filters 12
T2. DOOG stats: mean of variables in T1 1
T3. DOOG stats: argmax of variables in T1 1
T4. DOOG stats: (max - median) of variables in T1 1
Location and Shape 12
L1. Location: normalized x and y, mean 2
L2. Location: norm. x and y, 10th and 90th pctl 4
L3. Location: norm. y wrt horizon, 10th, 90th pctl 2
L4. Shape: number of superpixels in region 1
L5. Shape: number of sides of convex hull 1
L6. Shape: num pixels/area(convex hull) 1
L7. Shape: whether the region is contiguous 2 {0, 1} 1
3D Geometry 35
G1. Long Lines: total number in region 1
G2. Long Lines: % of nearly parallel pairs of lines 1
G3. Line Intsctn: hist. over 12 orientations, entropy 13
G4. Line Intsctn: % right of center 1
G5. Line Intsctn: % above center 1
G6. Line Intsctn: % far from center at 8 orientations 8
G7. Line Intsctn: % very far from center at 8 orient. 8
G8. Texture gradient: x and y “edginess” (T2) center 2

Table 1: Features computed on superpixels (C1-C2,T1-T4,L1) and
on regions (all). The “Num” column gives the number of features
in each set. The boosted decision tree classifier selects a discrimi-
native subset of these features.

challenge, then, is to determine which parts of the hypothe-
ses are likely to be correct and to accurately determine the
labels for those regions.

2.2. Features
Table 1 lists the features used by our system. Color and
texture allow the system to implicitly model the relation be-
tween material and 3D orientation. Image location also pro-
vides strong 3D geometry cues (e.g. ground is below sky).
Our previous work [12] provides further rationale for these
features.

Although the 3D orientation of a plane (relative to
the viewer) can be completely determined by its vanish-
ing line [10], such information cannot easily be extracted
from relatively unstructured outdoor images. By computing
statistics of straight lines (G1-G2) and their intersections
(G3-G7) in the image, our system gains information about
the vanishing points of a surface without explicitly com-
puting them. Our system finds long, straight edges in the
image using the method of [15]. The intersections of nearly
parallel lines (within ⇡/8 radians) are radially binned from
the image center, according to direction (8 orientations) and
distance (2 thresholds, at 1.5 and 5 times the image size).
When computing G1-G7, we weight the lines by length,
improving robustness to outliers. The texture gradient (G8)
can also provide orientation cues, even for natural surfaces
without parallel lines.

3. Learning Segmentations and Labels
We gathered a set of 300 outdoor images representative of
the images that users choose to make publicly available on
the Internet. These images are often highly cluttered and
span a wide variety of natural, suburban, and urban scenes.
Figure 4 shows twenty of these images. Each image is over-
segmented, and each segment is given a ground truth label
according to its geometric class. In all, about 150,000 su-
perpixels are labeled. We use 50 of these images to train
our segmentation algorithm. The remaining 250 images are
used to train and evaluate the overall system using 5-fold
cross-validation. We make our database publicly available
for comparison1.

3.1. Generating Segmentations
We want to obtain multiple segmentations of an image into
geometrically homogeneous regions2. We take a learning
approach to segmentation, estimating the likelihood that
two superpixels belong in the same region. We generate
multiple segmentations by varying the number of regions
and the initialization of the algorithm.

Ideally, for a given number of regions, we would maxi-
mize the joint likelihood that all regions are homogeneous.
Unfortunately, finding the optimal solution is intractable;
instead, we propose a simple greedy algorithm based on
pairwise affinities between superpixels. Our algorithm has
four steps: 1) randomly order the superpixels; 2) assign the
first nr superpixels to different regions; 3) iteratively assign
each remaining superpixel based on a learned pairwise
affinity function (see below); 4) repeat step 3 several times.
We want our regions to be as large as possible (to allow
good feature estimation) while still being homogeneously
labeled. We run this algorithm with different numbers
of regions (nr 2{3, 4, 5, 7, 9, 11, 15, 20, 25} in our
implementation).

Training. We sample pairs of same-label and different-
label superpixels (2,500 each) from our training set. We
then estimate the likelihood that two superpixels have the
same label based on the absolute differences of their feature
values: P (yi = yj ||xi�xj |). We use the logistic regression
form of Adaboost [3] with weak learners based on naive
density estimates:

fm(x1, x2) =

nfX

i

log

P (y1 = y2, |x1i � x2i|)
P (y1 6= y2, |x1i � x2i|)

(1)

where nf is the number of features. Each likelihood func-
tion in the weak learner is obtained using kernel density es-
timation [5] over the mth weighted distribution.

We assign a superpixel to the region (see step 3 above)
with the maximum average pairwise log likelihood between
the superpixels in the region and the superpixel being added.

1Project page: http://www.cs.cmu.edu/⇠dhoiem/projects/context/
2A region is “homogeneous” if each of its superpixel has the same label.

The regions need not be contiguous.
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In an experiment comparing our segmentations with
ground truth, using our simple grouping method, 40%
of the regions were homogeneously labeled3, 89% of the
superpixels were in at least one homogeneous region for
the main classes, and 61% of the vertical superpixels were
in at least one homogeneous region for the subclasses. A
superpixel that is never in a homogeneous region can still
be correctly labeled, if the label that best describes the
region is the superpixel’s label.

3.2. Geometric Labeling
We compute the features for each region (Table 1) and es-
timate the probability that all superpixels have the same la-
bel (homogeneity likelihood) and, given that, the confidence
in each geometric label (label likelihood). After forming
multiple segmentation hypotheses, each superpixel will be
a member of several regions, one for each hypothesis. We
determine the superpixel label confidences by averaging the
label likelihoods of the regions that contain it, weighted by
the homogeneity likelihoods:

C(yi = v|x) =

nhX

j

P (yj = v|x, hji)P (hji|x) (2)

where C is the label confidence, yi is the superpixel
label, v is a possible label value, x is the image data, nh

is the number of hypotheses, hji defines the region that
contains the ith superpixel for the jth hypothesis, and
yj is the region label.4 The sum of the label likelihoods
for a particular region and the sum of the homogeneity
likelihoods for all regions containing a particular superpixel
are normalized to sum to one. The main geometric labels
and vertical subclass labels are estimated independently
(subclass labels are assigned to the entire image but are
applied only to vertical regions).

Training. We first create several segmentation hypotheses
for each training image using the learned pairwise likeli-
hoods. We then label each region with one of the main ge-
ometric classes or “mixed” when the region contains mul-
tiple classes and label vertical regions as one of the sub-
classes or “mixed”. Each label likelihood function is then
learned in a one-vs.-rest fashion, and the homogeneity like-
lihood function is learned by classifying “mixed” vs. ho-
mogeneously labeled. Both the label and the homogeneity
likelihood functions are estimated using the logistic regres-
sion version of Adaboost [3] with weak learners based on
eight-node decision trees [8]. Decision trees make good
weak learners, since they provide automatic feature selec-
tion and limited modeling of the joint statistics of features.
Since correct classification of large regions is more impor-
tant than of small regions, the weighted distribution is ini-

3To account for small manual labeling errors, we allow up to 5% of the
a region’s pixels to be different than the most common label.

4If one were to assume that there is a single “best” hypothesis, Equa-
tion 2 has the interpretation of marginalizing over a set of possible hy-
potheses.

Geometric Class
Ground Vertical Sky

Ground 0.78 0.22 0.00
Vertical 0.09 0.89 0.02
Sky 0.00 0.10 0.90

Table 2: Confusion matrix for the main geometric classes.

Vertical Subclass
Left Center Right Porous Solid

Left 0.15 0.46 0.04 0.15 0.21
Center 0.02 0.55 0.06 0.19 0.18
Right 0.03 0.38 0.21 0.17 0.21
Porous 0.01 0.14 0.02 0.76 0.08
Solid 0.02 0.20 0.03 0.26 0.50

Table 3: Confusion matrix for the vertical structure subclasses.

tialized to be proportional to the percentage of image area
spanned.

4. Results
We test our system on 250 images using 5-fold cross-
validation. We note that the cross-validation was not used to
select any classification parameters. Accuracy is measured
by the percentage of image pixels that have the correct la-
bel, averaged over the test images. See our web site for the
250 input images, the ground truth labels, and our results.

4.1. Geometric Classification
Figure 4 shows the labeling results of our system on a sam-
ple of the images. Tables 2 and 3 give the confusion ma-
trices of the main geometric classes (ground plane, vertical
things, sky) and the vertical subclasses (left-facing plane,
front-facing plane, right-facing plane, porous non-planar,
solid non-planar). The overall accuracy of the classifica-
tion is 86% and 52% for the main geometric classes and
vertical subclasses, respectively (see Table 4 for baseline
comparisons with simpler methods). The processing time
for a 640x480 image is about 30 seconds using a 2.13GHz
Athalon processor and unoptimized MATLAB code.

As the results demonstrate, vertical structure subclasses
are much more difficult to determine than the main geomet-
ric classes. This is mostly due to ambiguity in assigning
ground truth labels, the larger number of classes, and a re-
duction of useful cues (e.g. material and location are not
very helpful for determining the subclass). Our labeling
results (Figures 4 and 5), however, show that many of the
system’s misclassifications are still reasonable.

4.2. Importance of Structure Estimation
Earlier, we presented a multiple hypothesis method for ro-
bustly estimating the structure of the underlying scene be-
fore determining the geometric class labels. To verify that
this intermediate structure estimation is worthwhile, we
tested the accuracy of the system when classifying based on
only class priors (CPrior), only pixel locations (Loc), only
color and texture at the pixel level (Pixel), all features at the
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GEOMETRIC CONTEXT 

Figure 4: Results on images representative of our data set. Two columns of {original, ground truth, test result}. Colors indicate the main
class label (green=ground, red=vertical, blue=sky), and the brightness of the color indicates the confidence for the assigned test labels.
Markings on the vertical regions indicate the assigned subclass (arrows indicate planar orientations, “X”=non-planar solid, “O”=non-
planar porous). Our system is able to estimate the geometric labels in a diverse set of outdoor scenes (notice how different orientations of
the same material are correctly labeled in the top row). This figure is best viewed in color.
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GEOMETRIC CONTEXT: AUTO 
IMAGE POP UP 
How to do it automatically? 

(a) input image (b) superpixels (c) constellations (d) labeling (e) novel view
Figure 2: 3D Model Estimation Algorithm. To obtain useful statistics for modeling geometric classes, we must first find uniformly-labeled
regions in the image by computing superpixels (b) and grouping them into multiple constellations (c). We can then generate a powerful set
of statistics and label the image based on models learned from training images. From these labels, we can construct a simple 3D model (e) of
the scene. In (b) and (c), colors distinguish between separate regions; in (d) colors indicate the geometric labels: ground, vertical, and sky.

single image. [Liebowitz et al. 1999; Criminisi et al. 2000] offer
the most accurate (but also the most labor-intensive) approach, re-
covering a metric reconstruction of an architectural scene by using
projective geometry constraints [Hartley and Zisserman 2004] to
compute 3D locations of user-specified points given their projected
distances from the ground plane. The user is also required to spec-
ify other constraints such as a square on the ground plane, a set of
parallel “up” lines and orthogonality relationships. Most other ap-
proaches forgo the goal of a metric reconstruction, focusing instead
on producing perceptually pleasing approximations. [Zhang et al.
2001] models free-form scenes by letting the user place constraints,
such as normal directions, anywhere on the image plane and then
optimizing for the best 3D model to fit these constraints. [Ziegler
et al. 2003] finds the maximum-volume 3D model consistent with
multiple manually-labeled images. Tour into the Picture [Horry
et al. 1997], the main inspiration for this work, models a scene
as an axis-aligned box, a sort of theater stage, with floor, ceiling,
backdrop, and two side planes. An intuitive “spidery mesh” inter-
face allows the user to specify the coordinates of this box and its
vanishing point. Foreground objects are manually labeled by the
user and assigned to their own planes. This method produces im-
pressive results but works only on scenes that can be approximated
by a one-point perspective, since the front and back of the box are
assumed to be parallel to the image plane. This is a severe limita-
tion (that would affect most of the images in this paper, including
Figure 1(left)) which has been partially addressed by [Kang et al.
2001] and [Oh et al. 2001], but at the cost of a less intuitive inter-
face.

Automatic methods exist to reconstruct certain types of scenes from
multiple images or video sequences (e.g. [Nistér 2001; Pollefeys
et al. 2004]), but, to the best of our knowledge, no one has yet
attempted automatic single-view modeling.

1.2 Intuition

Consider the photograph in Figure 1(left). Humans can easily grasp
the overall structure of the scene – sky, ground, relative positions of
major landmarks. Moreover, we can imagine reasonably well what
this scene would look like from a somewhat different viewpoint,
even if we have never been there. This is truly an amazing ability
considering that, geometrically speaking, a single 2D image gives
rise to an infinite number of possible 3D interpretations! How do
we do it?

The answer is that our natural world, despite its incredible richness
and complexity, is actually a reasonably structured place. Pieces of
solid matter do not usually hang in mid-air but are part of surfaces
that are usually smoothly varying. There is a well-defined notion
of orientation (provided by gravity). Many structures exhibit high
degree of similarity (e.g. texture), and objects of the same class
tend to have many similar characteristics (e.g. grass is usually green
and can most often be found on the ground). So, while an image

offers infinitely many geometrical interpretations, most of them can
be discarded because they are extremely unlikely given what we
know about our world. This knowledge, it is currently believed, is
acquired through life-long learning, so, in a sense, a lot of what we
consider human vision is based on statistics rather than geometry.

One of the main contributions of this paper lies in posing the classic
problem of geometric reconstruction in terms of statistical learning.
Instead of trying to explicitly extract all the required geometric pa-
rameters from a single image (a daunting task!), our approach is to
rely on other images (the training set) to furnish this information in
an implicit way, through recognition. However, unlike most scene
recognition approaches which aim to model semantic classes, such
as cars, vegetation, roads, or buildings [Everingham et al. 1999;
Konishi and Yuille 2000; Singhal et al. 2003], our goal is to model
geometric classes that depend on the orientation of a physical ob-
ject with relation to the scene. For instance, a piece of plywood
lying on the ground and the same piece of plywood propped up by
a board have two different geometric classes but the same semantic
class. We produce a statistical model of geometric classes from a
set of labeled training images and use that model to synthesize a 3D
scene given a new photograph.

2 Overview

We limit our scope to dealing with outdoor scenes (both natural and
man-made) and assume that a scene is composed of a single ground
plane, piece-wise planar objects sticking out of the ground at right
angles, and the sky. Under this assumption, we can construct a
coarse, scaled 3D model from a single image by classifying each
pixel as ground, vertical or sky and estimating the horizon position.
Color, texture, image location, and geometric features are all useful
cues for determining these labels. We generate as many potentially
useful cues as possible and allow our machine learning algorithm
(decision trees) to figure out which to use and how to use them.
Some of these cues (e.g., RGB values) are quite simple and can
be computed directly from pixels, but others, such as geometric
features require more spatial support to be useful. Our approach
is to gradually build our knowledge of scene structure while being
careful not to commit to assumptions that could prevent the true
solution from emerging. Figure 2 illustrates our approach.

Image to Superpixels
Without knowledge of the scene’s structure, we can only compute
simple features such as pixel colors and filter responses. The first
step is to find nearly uniform regions, called “superpixels” (Figure
2(b)), in the image. The use of superpixels improves the efficiency
and accuracy of finding large single-label regions in the image. See
Section 4.1 for details.

Superpixels to Multiple Constellations
An image typically contains hundreds of superpixels over which we

(a) input image (b) superpixels (c) constellations (d) labeling (e) novel view
Figure 2: 3D Model Estimation Algorithm. To obtain useful statistics for modeling geometric classes, we must first find uniformly-labeled
regions in the image by computing superpixels (b) and grouping them into multiple constellations (c). We can then generate a powerful set
of statistics and label the image based on models learned from training images. From these labels, we can construct a simple 3D model (e) of
the scene. In (b) and (c), colors distinguish between separate regions; in (d) colors indicate the geometric labels: ground, vertical, and sky.

single image. [Liebowitz et al. 1999; Criminisi et al. 2000] offer
the most accurate (but also the most labor-intensive) approach, re-
covering a metric reconstruction of an architectural scene by using
projective geometry constraints [Hartley and Zisserman 2004] to
compute 3D locations of user-specified points given their projected
distances from the ground plane. The user is also required to spec-
ify other constraints such as a square on the ground plane, a set of
parallel “up” lines and orthogonality relationships. Most other ap-
proaches forgo the goal of a metric reconstruction, focusing instead
on producing perceptually pleasing approximations. [Zhang et al.
2001] models free-form scenes by letting the user place constraints,
such as normal directions, anywhere on the image plane and then
optimizing for the best 3D model to fit these constraints. [Ziegler
et al. 2003] finds the maximum-volume 3D model consistent with
multiple manually-labeled images. Tour into the Picture [Horry
et al. 1997], the main inspiration for this work, models a scene
as an axis-aligned box, a sort of theater stage, with floor, ceiling,
backdrop, and two side planes. An intuitive “spidery mesh” inter-
face allows the user to specify the coordinates of this box and its
vanishing point. Foreground objects are manually labeled by the
user and assigned to their own planes. This method produces im-
pressive results but works only on scenes that can be approximated
by a one-point perspective, since the front and back of the box are
assumed to be parallel to the image plane. This is a severe limita-
tion (that would affect most of the images in this paper, including
Figure 1(left)) which has been partially addressed by [Kang et al.
2001] and [Oh et al. 2001], but at the cost of a less intuitive inter-
face.

Automatic methods exist to reconstruct certain types of scenes from
multiple images or video sequences (e.g. [Nistér 2001; Pollefeys
et al. 2004]), but, to the best of our knowledge, no one has yet
attempted automatic single-view modeling.

1.2 Intuition

Consider the photograph in Figure 1(left). Humans can easily grasp
the overall structure of the scene – sky, ground, relative positions of
major landmarks. Moreover, we can imagine reasonably well what
this scene would look like from a somewhat different viewpoint,
even if we have never been there. This is truly an amazing ability
considering that, geometrically speaking, a single 2D image gives
rise to an infinite number of possible 3D interpretations! How do
we do it?

The answer is that our natural world, despite its incredible richness
and complexity, is actually a reasonably structured place. Pieces of
solid matter do not usually hang in mid-air but are part of surfaces
that are usually smoothly varying. There is a well-defined notion
of orientation (provided by gravity). Many structures exhibit high
degree of similarity (e.g. texture), and objects of the same class
tend to have many similar characteristics (e.g. grass is usually green
and can most often be found on the ground). So, while an image

offers infinitely many geometrical interpretations, most of them can
be discarded because they are extremely unlikely given what we
know about our world. This knowledge, it is currently believed, is
acquired through life-long learning, so, in a sense, a lot of what we
consider human vision is based on statistics rather than geometry.

One of the main contributions of this paper lies in posing the classic
problem of geometric reconstruction in terms of statistical learning.
Instead of trying to explicitly extract all the required geometric pa-
rameters from a single image (a daunting task!), our approach is to
rely on other images (the training set) to furnish this information in
an implicit way, through recognition. However, unlike most scene
recognition approaches which aim to model semantic classes, such
as cars, vegetation, roads, or buildings [Everingham et al. 1999;
Konishi and Yuille 2000; Singhal et al. 2003], our goal is to model
geometric classes that depend on the orientation of a physical ob-
ject with relation to the scene. For instance, a piece of plywood
lying on the ground and the same piece of plywood propped up by
a board have two different geometric classes but the same semantic
class. We produce a statistical model of geometric classes from a
set of labeled training images and use that model to synthesize a 3D
scene given a new photograph.

2 Overview

We limit our scope to dealing with outdoor scenes (both natural and
man-made) and assume that a scene is composed of a single ground
plane, piece-wise planar objects sticking out of the ground at right
angles, and the sky. Under this assumption, we can construct a
coarse, scaled 3D model from a single image by classifying each
pixel as ground, vertical or sky and estimating the horizon position.
Color, texture, image location, and geometric features are all useful
cues for determining these labels. We generate as many potentially
useful cues as possible and allow our machine learning algorithm
(decision trees) to figure out which to use and how to use them.
Some of these cues (e.g., RGB values) are quite simple and can
be computed directly from pixels, but others, such as geometric
features require more spatial support to be useful. Our approach
is to gradually build our knowledge of scene structure while being
careful not to commit to assumptions that could prevent the true
solution from emerging. Figure 2 illustrates our approach.

Image to Superpixels
Without knowledge of the scene’s structure, we can only compute
simple features such as pixel colors and filter responses. The first
step is to find nearly uniform regions, called “superpixels” (Figure
2(b)), in the image. The use of superpixels improves the efficiency
and accuracy of finding large single-label regions in the image. See
Section 4.1 for details.

Superpixels to Multiple Constellations
An image typically contains hundreds of superpixels over which we

(a) Fitted Segments (b) Cuts and Folds
Figure 4: From the noisy geometric labels, we fit line segments
to the ground-vertical label boundary (a) and form those segments
into a set of polylines. We then “fold” (red solid) the image along
the polylines and “cut” (red dashed) upward at the endpoints of the
polylines and at ground-sky and vertical-sky boundaries (b). The
polyline fit and the estimated horizon position (yellow dotted) are
sufficient to “pop-up” the image into a simple 3D model.

Partition the pixels labeled as vertical into connected regions
For each connected vertical region:

1. Find ground-vertical boundary (x,y) locations p
2. Iteratively find best-fitting line segments until no segment contains

more than mp points:
(a) Find best line L in p using Hough transform
(b) Find largest set of points pL 2 p within distance dt of L with no

gap between consecutive points larger than gt

(c) Remove pL from p
3. Form set of polylines from line segments

(a) Remove smaller of completely overlapping (in x-axis) segments
(b) Sort segments by median of points on segment along x-axis
(c) Join consecutive intersecting segments into polyline if the inter-

section occurs between segment medians
(d) Remove smaller of any overlapping polylines

Fold along polylines
Cut upward from polyline endpoints, at ground-sky and vertical-sky boundaries
Project planes into 3D coordinates and texture map

Figure 5: Procedure for determining the 3D model from labels.

lihood P(Ck|xk), we form multiple sets of constellations for the su-
perpixels in our training images using the learned pairwise func-
tion. Each constellation is then labeled as “ground”, “vertical”,
“sky”, or “mixed” (when the constellation contains superpixels of
differing labels), according to the ground truth. The likelihood
functions are estimated using the logistic regression version of Ad-
aboost [Collins et al. 2002] with weak learners based on eight-node
decision trees [Quinlan 1993; Friedman et al. 2000]. Each deci-
sion tree weak learner selects the best features to use (based on the
current weighted distribution of examples) and estimates the con-
fidence in each label based on those features. To place emphasis
on correctly classifying large constellations, the weighted distribu-
tion is initialized to be proportional to the percentage of image area
spanned by each constellation.

The boosted decision tree estimator outputs a confidence for each of
“ground”, “vertical”, “sky”, and “mixed”, which are normalized to
sum to one. The product of the label and homogeneity likelihoods
for a particular geometric label is then given by the normalized con-
fidence in “ground”, “vertical”, or “sky”.

5 Creating the 3D Model

To create a 3D model of the scene, we need to determine the cam-
era parameters and where each vertical region intersects the ground.
Once these are determined, constructing the scene is simply a mat-
ter of specifying plane positions using projective geometry and tex-
ture mapping from the image onto the planes.

5.1 Cutting and Folding

We construct a simple 3D model by making “cuts” and “folds” in
the image based on the geometric labels (see Figure 4). Our model
consists of a ground plane and planar objects at right angles to the
ground. Even given these assumptions and the correct labels, many
possible interpretations of the 3D scene exist. We need to partition
the vertical regions into a set of objects (especially difficult when
objects regions overlap in the image) and determine where each ob-
ject meets the ground (impossible when the ground-vertical bound-
ary is obstructed in the image). We have found that, qualitatively, it
is better to miss a fold or a cut than to make one where none exists
in the true model. Thus, in the current implementation, we do not
attempt to segment overlapping vertical regions, placing folds and
making cuts conservatively.

As a pre-processing step, we set any superpixels that are labeled as
ground or sky and completely surrounded by non-ground or non-
sky pixels to the most common label of the neighboring superpixels.
In our tests, this affects no more than a few superpixels per image
but reduces small labeling errors (compare the labels in Figures 2(d)
and 4(a)).

Figure 5 outlines the process for determining cuts and folds from
the geometric labels. We divide the vertically labeled pixels into
disconnected or loosely connected regions using the connected
components algorithm (morphological erosion and dilation sepa-
rate loosely connected regions). For each region, we fit a set of line
segments to the region’s boundary with the labeled ground using
the Hough transform [Duda and Hart 1972]. Next, within each re-
gion, we form the disjoint line segments into a set of polylines. The
pre-sorting of line segments (step 3(b)) and removal of overlapping
segments (steps 3(a) and 3(d)) help make our algorithm robust to
small labeling errors.

If no line segment can be found using the Hough transform, a single
polyline is estimated for the region by a simple method. The poly-
line is initialized as a segment from the left-most to the right-most
boundary points. Segments are then greedily split to minimize the
L1-distance of the fit to the points, with a maximum of three seg-
ments in the polyline.

We treat each polyline as a separate object, modeled with a set of
connected planes that are perpendicular to the ground plane. The
ground is projected into 3D-coordinates using the horizon position
estimate and fixed camera parameters. The ground intersection of
each vertical plane is determined by its segment in the polyline; its
height is specified by the region’s maximum height above the seg-
ment in the image and the camera parameters. To map the texture
onto the model, we create a ground image and a vertical image, with
non-ground and non-vertical pixels having alpha values of zero in
each respective image. We feather the alpha band of the vertical
image and output a texture-mapped VRML model that allows the
user to explore his image.

5.2 Camera Parameters

To obtain true 3D world coordinates, we would need to know the
intrinsic and extrinsic camera parameters. We can, however, create
a reasonable scaled model by estimating the horizon line (giving the
angle of the camera with respect to the ground plane) and setting the
remaining parameters to constants. We assume zero skew and unit
affine ratio, set the field of view to 0.768 radians (the focal length in
EXIF metadata can be used instead of the default, when available),
and arbitrarily set the camera height to 5.0 units (which affects only
the scale of the model). The method for estimating the horizon is
described in the Section 3. If the labeled ground appears above
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Figure 4: From the noisy geometric labels, we fit line segments
to the ground-vertical label boundary (a) and form those segments
into a set of polylines. We then “fold” (red solid) the image along
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sufficient to “pop-up” the image into a simple 3D model.
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lihood P(Ck|xk), we form multiple sets of constellations for the su-
perpixels in our training images using the learned pairwise func-
tion. Each constellation is then labeled as “ground”, “vertical”,
“sky”, or “mixed” (when the constellation contains superpixels of
differing labels), according to the ground truth. The likelihood
functions are estimated using the logistic regression version of Ad-
aboost [Collins et al. 2002] with weak learners based on eight-node
decision trees [Quinlan 1993; Friedman et al. 2000]. Each deci-
sion tree weak learner selects the best features to use (based on the
current weighted distribution of examples) and estimates the con-
fidence in each label based on those features. To place emphasis
on correctly classifying large constellations, the weighted distribu-
tion is initialized to be proportional to the percentage of image area
spanned by each constellation.

The boosted decision tree estimator outputs a confidence for each of
“ground”, “vertical”, “sky”, and “mixed”, which are normalized to
sum to one. The product of the label and homogeneity likelihoods
for a particular geometric label is then given by the normalized con-
fidence in “ground”, “vertical”, or “sky”.

5 Creating the 3D Model

To create a 3D model of the scene, we need to determine the cam-
era parameters and where each vertical region intersects the ground.
Once these are determined, constructing the scene is simply a mat-
ter of specifying plane positions using projective geometry and tex-
ture mapping from the image onto the planes.

5.1 Cutting and Folding

We construct a simple 3D model by making “cuts” and “folds” in
the image based on the geometric labels (see Figure 4). Our model
consists of a ground plane and planar objects at right angles to the
ground. Even given these assumptions and the correct labels, many
possible interpretations of the 3D scene exist. We need to partition
the vertical regions into a set of objects (especially difficult when
objects regions overlap in the image) and determine where each ob-
ject meets the ground (impossible when the ground-vertical bound-
ary is obstructed in the image). We have found that, qualitatively, it
is better to miss a fold or a cut than to make one where none exists
in the true model. Thus, in the current implementation, we do not
attempt to segment overlapping vertical regions, placing folds and
making cuts conservatively.

As a pre-processing step, we set any superpixels that are labeled as
ground or sky and completely surrounded by non-ground or non-
sky pixels to the most common label of the neighboring superpixels.
In our tests, this affects no more than a few superpixels per image
but reduces small labeling errors (compare the labels in Figures 2(d)
and 4(a)).

Figure 5 outlines the process for determining cuts and folds from
the geometric labels. We divide the vertically labeled pixels into
disconnected or loosely connected regions using the connected
components algorithm (morphological erosion and dilation sepa-
rate loosely connected regions). For each region, we fit a set of line
segments to the region’s boundary with the labeled ground using
the Hough transform [Duda and Hart 1972]. Next, within each re-
gion, we form the disjoint line segments into a set of polylines. The
pre-sorting of line segments (step 3(b)) and removal of overlapping
segments (steps 3(a) and 3(d)) help make our algorithm robust to
small labeling errors.

If no line segment can be found using the Hough transform, a single
polyline is estimated for the region by a simple method. The poly-
line is initialized as a segment from the left-most to the right-most
boundary points. Segments are then greedily split to minimize the
L1-distance of the fit to the points, with a maximum of three seg-
ments in the polyline.

We treat each polyline as a separate object, modeled with a set of
connected planes that are perpendicular to the ground plane. The
ground is projected into 3D-coordinates using the horizon position
estimate and fixed camera parameters. The ground intersection of
each vertical plane is determined by its segment in the polyline; its
height is specified by the region’s maximum height above the seg-
ment in the image and the camera parameters. To map the texture
onto the model, we create a ground image and a vertical image, with
non-ground and non-vertical pixels having alpha values of zero in
each respective image. We feather the alpha band of the vertical
image and output a texture-mapped VRML model that allows the
user to explore his image.

5.2 Camera Parameters

To obtain true 3D world coordinates, we would need to know the
intrinsic and extrinsic camera parameters. We can, however, create
a reasonable scaled model by estimating the horizon line (giving the
angle of the camera with respect to the ground plane) and setting the
remaining parameters to constants. We assume zero skew and unit
affine ratio, set the field of view to 0.768 radians (the focal length in
EXIF metadata can be used instead of the default, when available),
and arbitrarily set the camera height to 5.0 units (which affects only
the scale of the model). The method for estimating the horizon is
described in the Section 3. If the labeled ground appears above

(a) input image (b) superpixels (c) constellations (d) labeling (e) novel view
Figure 2: 3D Model Estimation Algorithm. To obtain useful statistics for modeling geometric classes, we must first find uniformly-labeled
regions in the image by computing superpixels (b) and grouping them into multiple constellations (c). We can then generate a powerful set
of statistics and label the image based on models learned from training images. From these labels, we can construct a simple 3D model (e) of
the scene. In (b) and (c), colors distinguish between separate regions; in (d) colors indicate the geometric labels: ground, vertical, and sky.

single image. [Liebowitz et al. 1999; Criminisi et al. 2000] offer
the most accurate (but also the most labor-intensive) approach, re-
covering a metric reconstruction of an architectural scene by using
projective geometry constraints [Hartley and Zisserman 2004] to
compute 3D locations of user-specified points given their projected
distances from the ground plane. The user is also required to spec-
ify other constraints such as a square on the ground plane, a set of
parallel “up” lines and orthogonality relationships. Most other ap-
proaches forgo the goal of a metric reconstruction, focusing instead
on producing perceptually pleasing approximations. [Zhang et al.
2001] models free-form scenes by letting the user place constraints,
such as normal directions, anywhere on the image plane and then
optimizing for the best 3D model to fit these constraints. [Ziegler
et al. 2003] finds the maximum-volume 3D model consistent with
multiple manually-labeled images. Tour into the Picture [Horry
et al. 1997], the main inspiration for this work, models a scene
as an axis-aligned box, a sort of theater stage, with floor, ceiling,
backdrop, and two side planes. An intuitive “spidery mesh” inter-
face allows the user to specify the coordinates of this box and its
vanishing point. Foreground objects are manually labeled by the
user and assigned to their own planes. This method produces im-
pressive results but works only on scenes that can be approximated
by a one-point perspective, since the front and back of the box are
assumed to be parallel to the image plane. This is a severe limita-
tion (that would affect most of the images in this paper, including
Figure 1(left)) which has been partially addressed by [Kang et al.
2001] and [Oh et al. 2001], but at the cost of a less intuitive inter-
face.

Automatic methods exist to reconstruct certain types of scenes from
multiple images or video sequences (e.g. [Nistér 2001; Pollefeys
et al. 2004]), but, to the best of our knowledge, no one has yet
attempted automatic single-view modeling.

1.2 Intuition

Consider the photograph in Figure 1(left). Humans can easily grasp
the overall structure of the scene – sky, ground, relative positions of
major landmarks. Moreover, we can imagine reasonably well what
this scene would look like from a somewhat different viewpoint,
even if we have never been there. This is truly an amazing ability
considering that, geometrically speaking, a single 2D image gives
rise to an infinite number of possible 3D interpretations! How do
we do it?

The answer is that our natural world, despite its incredible richness
and complexity, is actually a reasonably structured place. Pieces of
solid matter do not usually hang in mid-air but are part of surfaces
that are usually smoothly varying. There is a well-defined notion
of orientation (provided by gravity). Many structures exhibit high
degree of similarity (e.g. texture), and objects of the same class
tend to have many similar characteristics (e.g. grass is usually green
and can most often be found on the ground). So, while an image

offers infinitely many geometrical interpretations, most of them can
be discarded because they are extremely unlikely given what we
know about our world. This knowledge, it is currently believed, is
acquired through life-long learning, so, in a sense, a lot of what we
consider human vision is based on statistics rather than geometry.

One of the main contributions of this paper lies in posing the classic
problem of geometric reconstruction in terms of statistical learning.
Instead of trying to explicitly extract all the required geometric pa-
rameters from a single image (a daunting task!), our approach is to
rely on other images (the training set) to furnish this information in
an implicit way, through recognition. However, unlike most scene
recognition approaches which aim to model semantic classes, such
as cars, vegetation, roads, or buildings [Everingham et al. 1999;
Konishi and Yuille 2000; Singhal et al. 2003], our goal is to model
geometric classes that depend on the orientation of a physical ob-
ject with relation to the scene. For instance, a piece of plywood
lying on the ground and the same piece of plywood propped up by
a board have two different geometric classes but the same semantic
class. We produce a statistical model of geometric classes from a
set of labeled training images and use that model to synthesize a 3D
scene given a new photograph.

2 Overview

We limit our scope to dealing with outdoor scenes (both natural and
man-made) and assume that a scene is composed of a single ground
plane, piece-wise planar objects sticking out of the ground at right
angles, and the sky. Under this assumption, we can construct a
coarse, scaled 3D model from a single image by classifying each
pixel as ground, vertical or sky and estimating the horizon position.
Color, texture, image location, and geometric features are all useful
cues for determining these labels. We generate as many potentially
useful cues as possible and allow our machine learning algorithm
(decision trees) to figure out which to use and how to use them.
Some of these cues (e.g., RGB values) are quite simple and can
be computed directly from pixels, but others, such as geometric
features require more spatial support to be useful. Our approach
is to gradually build our knowledge of scene structure while being
careful not to commit to assumptions that could prevent the true
solution from emerging. Figure 2 illustrates our approach.

Image to Superpixels
Without knowledge of the scene’s structure, we can only compute
simple features such as pixel colors and filter responses. The first
step is to find nearly uniform regions, called “superpixels” (Figure
2(b)), in the image. The use of superpixels improves the efficiency
and accuracy of finding large single-label regions in the image. See
Section 4.1 for details.

Superpixels to Multiple Constellations
An image typically contains hundreds of superpixels over which we
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Figure 5: Failure examples. Two columns of {original, ground truth, test result}. Failures can be caused by reflections (top row) or shadows
(bottom-left). At the bottom-right, we show one of the most dramatic failures of our system.

(a) Input (b) Full (c) Loc Only (d) No Color (e) No Texture (f) No Loc/Shp (g) No Geom
Figure 6: In difficult cases, every cue is important. When any set of features (d-g) is removed, more errors are made than when all features
are used (b). Although removing location features (f) cripples the classifier in this case, location alone is not sufficient (c).

(a) Local Features Only (b) Geometric Labels (c) With Context
Figure 7: Improvement in Murphy et al.’s detector [20] with our geometric context. By adding a small set of context features derived from
the geometric labels to a set of local features, we reduce false positives while achieving the same detection rate. For a 75% detection rate,
more than two-thirds of the false positives are eliminated. The detector settings (e.g. non-maximal suppression) were tuned for the original
detector.

Input Labels Novel View Novel View
Figure 8: Original image used by Liebowitz et al. [17] and two novel views from the scaled 3D model generated by our system. Since the
roof in our model is not slanted, the model generated by Liebowitz, et al. is slightly more accurate, but their model is manually specified,
while ours is created fully automatically [12]!
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Automatic Photo Pop-up

Derek Hoiem Alexei A. Efros Martial Hebert

Carnegie Mellon University

Figure 1: Our system automatically constructs a rough 3D environment from a single image by learning a statistical model of geometric
classes from a set of training images. A photograph of the University Center at Carnegie Mellon is shown on the left, and three novel views
from an automatically generated 3D model are to its right.

Abstract

This paper presents a fully automatic method for creating a 3D
model from a single photograph. The model is made up of sev-
eral texture-mapped planar billboards and has the complexity of a
typical children’s pop-up book illustration. Our main insight is that
instead of attempting to recover precise geometry, we statistically
model geometric classes defined by their orientations in the scene.
Our algorithm labels regions of the input image into coarse cate-
gories: “ground”, “sky”, and “vertical”. These labels are then used
to “cut and fold” the image into a pop-up model using a set of sim-
ple assumptions. Because of the inherent ambiguity of the problem
and the statistical nature of the approach, the algorithm is not ex-
pected to work on every image. However, it performs surprisingly
well for a wide range of scenes taken from a typical person’s photo
album.

CR Categories: 1.3.7 [Computer Graphics]: Three-Dimensional
Graphics and Realism—Color, shading, shadowing, and texture
1.4.8 [Image Processing and Computer Vision]: Scene Analysis—
Surface Fitting;

Keywords: image-based rendering, single-view reconstruction,
machine learning, image segmentation

1 Introduction

Major advances in the field of image-based rendering during the
past decade have made the commercial production of virtual models
from photographs a reality. Impressive image-based walkthrough
environments can now be found in many popular computer games
and virtual reality tours. However, the creation of such environ-
ments remains a complicated and time-consuming process, often
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⇠
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requiring special equipment, a large number of photographs, man-
ual interaction, or all three. As a result, it has largely been left to
the professionals and ignored by the general public.

We believe that many more people would enjoy the experience of
virtually walking around in their own photographs. Most users,
however, are just not willing to go through the effort of learning a
new interface and taking the time to manually specify the model
for each scene. Consider the case of panoramic photo-mosaics: the
underlying technology for aligning photographs (manually or semi-
automatically) has been around for years, yet only the availability of
fully automatic stitching tools has really popularized the practice.

In this paper, we present a method for creating virtual walkthroughs
that is completely automatic and requires only a single photograph
as input. Our approach is similar to the creation of a pop-up illus-
tration in a children’s book: the image is laid on the ground plane
and then the regions that are deemed to be vertical are automatically
“popped up” onto vertical planes. Just like the paper pop-ups, our
resulting 3D model is quite basic, missing many details. Nonethe-
less, a large number of the resulting walkthroughs look surprisingly
realistic and provide a fun “browsing experience” (Figure 1).

The target application scenario is that the photos would be
processed as they are downloaded from the camera into the com-
puter and the users would be able to browse them using a 3D viewer
(we use a simple VRML player) and pick the ones they like. Just
like automatic photo-stitching, our algorithm is not expected to
work well on every image. Some results would be incorrect, while
others might simply be boring. This fits the pattern of modern dig-
ital photography – people take lots of pictures but then only keep a
few “good ones”. The important thing is that the user needs only to
decide whether to keep the image or not.

1.1 Related Work

The most general image-based rendering approaches, such as
Quicktime VR [Chen 1995], Lightfields [Levoy and Hanrahan
1996], and Lumigraph [Gortler et al. 1996] all require a huge num-
ber of photographs as well as special equipment. Popular urban
modeling systems such as Façade [Debevec et al. 1996], Photo-
Builder [Cipolla et al. 1999] and REALVIZ ImageModeler greatly
reduce the number of images required and use no special equipment
(although cameras must still be calibrated), but at the expense of
considerable user interaction and a specific domain of applicability.

Several methods are able to perform user-guided modeling from a

Figure 9: Input images and novel views taken from automatically generated 3D models.
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Make3D: Learning 3D Scene Structure from a
Single Still Image

Ashutosh Saxena, Min Sun and Andrew Y. Ng

Abstract—We consider the problem of estimating detailed
3-d structure from a single still image of an unstructured
environment. Our goal is to create 3-d models which are both
quantitatively accurate as well as visually pleasing.
For each small homogeneous patch in the image, we use a

Markov Random Field (MRF) to infer a set of “plane parame-
ters” that capture both the 3-d location and 3-d orientation of the
patch. The MRF, trained via supervised learning, models both
image depth cues as well as the relationships between different
parts of the image. Other than assuming that the environment
is made up of a number of small planes, our model makes no
explicit assumptions about the structure of the scene; this enables
the algorithm to capture much more detailed 3-d structure than
does prior art, and also give a much richer experience in the 3-d
flythroughs created using image-based rendering, even for scenes
with significant non-vertical structure.
Using this approach, we have created qualitatively correct 3-d

models for 64.9% of 588 images downloaded from the internet.
We have also extended our model to produce large scale 3d
models from a few images.1

Index Terms—Machine learning, Monocular vision, Learning
depth, Vision and Scene Understanding, Scene Analysis: Depth
cues.

I. INTRODUCTION
Upon seeing an image such as Fig. 1a, a human has no difficulty

understanding its 3-d structure (Fig. 1c,d). However, inferring
such 3-d structure remains extremely challenging for current
computer vision systems. Indeed, in a narrow mathematical sense,
it is impossible to recover 3-d depth from a single image, since
we can never know if it is a picture of a painting (in which case
the depth is flat) or if it is a picture of an actual 3-d environment.
Yet in practice people perceive depth remarkably well given just
one image; we would like our computers to have a similar sense
of depths in a scene.
Understanding 3-d structure is a fundamental problem of

computer vision. For the specific problem of 3-d reconstruction,
most prior work has focused on stereovision [4], structure from
motion [5], and other methods that require two (or more) images.
These geometric algorithms rely on triangulation to estimate
depths. However, algorithms relying only on geometry often end
up ignoring the numerous additional monocular cues that can also
be used to obtain rich 3-d information. In recent work, [6]–[9]
exploited some of these cues to obtain some 3-d information.
Saxena, Chung and Ng [6] presented an algorithm for predicting
depths from monocular image features. [7] used monocular depth
perception to drive a remote-controlled car autonomously. [8], [9]
built models using a strong assumptions that the scene consists
of ground/horizontal planes and vertical walls (and possibly sky);

Ashutosh Saxena, Min Sun and Andrew Y. Ng are with Computer
Science Department, Stanford University, Stanford, CA 94305. Email:
{asaxena,aliensun,ang}@cs.stanford.edu.
1Parts of this work were presented in [1], [2] and [3].

Fig. 1. (a) An original image. (b) Oversegmentation of the image to obtain
“superpixels”. (c) The 3-d model predicted by the algorithm. (d) A screenshot
of the textured 3-d model.

these methods therefore do not apply to the many scenes that are
not made up only of vertical surfaces standing on a horizontal
floor. Some examples include images of mountains, trees (e.g.,
Fig. 15b and 13d), staircases (e.g., Fig. 15a), arches (e.g., Fig. 11a
and 15k), rooftops (e.g., Fig. 15m), etc. that often have much
richer 3-d structure.
In this paper, our goal is to infer 3-d models that are both

quantitatively accurate as well as visually pleasing. We use
the insight that most 3-d scenes can be segmented into many
small, approximately planar surfaces. (Indeed, modern computer
graphics using OpenGL or DirectX models extremely complex
scenes this way, using triangular facets to model even very
complex shapes.) Our algorithm begins by taking an image, and
attempting to segment it into many such small planar surfaces.
Using a superpixel segmentation algorithm, [10] we find an over-
segmentation of the image that divides it into many small regions
(superpixels). An example of such a segmentation is shown in
Fig. 1b. Because we use an over-segmentation, planar surfaces
in the world may be broken up into many superpixels; however,
each superpixel is likely to (at least approximately) lie entirely
on only one planar surface.
For each superpixel, our algorithm then tries to infer the 3-

d position and orientation of the 3-d surface that it came from.
This 3-d surface is not restricted to just vertical and horizontal
directions, but can be oriented in any direction. Inferring 3-d
position from a single image is non-trivial, and humans do it using
many different visual depth cues, such as texture (e.g., grass has
a very different texture when viewed close up than when viewed
far away); color (e.g., green patches are more likely to be grass on
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Fig. 11. (a) Original Image, (b) Ground truth depthmap, (c) Depth from image features only, (d) Point-wise MRF, (e) Plane parameter MRF. (Best viewed
in color.)

Fig. 12. Typical depthmaps predicted by our algorithm on hold-out test set, collected using the laser-scanner. (Best viewed in color.)

Fig. 13. Typical results from our algorithm. (Top row) Original images, (Bottom row) depthmaps (shown in log scale, yellow is closest, followed by red
and then blue) generated from the images using our plane parameter MRF. (Best viewed in color.)

figure ‘square’ when searching for keyword ‘square’; no other
pre-filtering was done on the data.
In addition, we manually labeled 50 images with ‘ground-truth’

boundaries to learn the parameters for occlusion boundaries and
folds.

B. Results and Discussion
We performed an extensive evaluation of our algorithm on 588

internet test images, and 134 test images collected using the laser
scanner.

In Table I, we compare the following algorithms:
(a) Baseline: Both for pointwise MRF (Baseline-1) and plane pa-
rameter MRF (Baseline-2). The Baseline MRF is trained without
any image features, and thus reflects a “prior” depthmap of sorts.
(b) Our Point-wise MRF: with and without constraints (connec-
tivity, co-planar and co-linearity).
(c) Our Plane Parameter MRF (PP-MRF): without any constraint,
with co-planar constraint only, and the full model.
(d) Saxena et al. (SCN), [6], [21] applicable for quantitative errors
only.
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Fig. 7. A 2-d illustration to explain the co-planarity term. The distance of
the point sj on superpixel j to the plane on which superpixel i lies along the
ray Rj,sj” is given by d1 − d2.

of the features in predicting the depth d̂i,si
at point si.5 If the

local image features were not strong enough to predict depth
for point si, then νi,si

= 0 turns off the effect of the term
˛

˛

˛RT
i,si

αi(x
T
i,si

θr) − 1
˛

˛

˛.
The second term f2(·) models the relation between the plane

parameters of two superpixels i and j. It uses pairs of points si

and sj to do so:

f2(·) =
Q

{si,sj}∈N hsi,sj (·) (3)

We will capture co-planarity, connectedness and co-linearity, by
different choices of h(·) and {si, sj}.
Connected structure: We enforce this constraint by choosing
si and sj to be on the boundary of the superpixels i and j. As
shown in Fig. 6a, penalizing the distance between two such points
ensures that they remain fully connected. The relative (fractional)
distance between points si and sj is penalized by

hsi,sj (αi,αj , yij , Ri, Rj) = exp
“

−yij |(R
T
i,si

αi − RT
j,sj

αj)d̂|
”

(4)

In detail, RT
i,si

αi = 1/di,si
and RT

j,sj
αj = 1/dj,sj

; therefore,
the term (RT

i,si
αi − RT

j,sj
αj)d̂ gives the fractional distance

|(di,si
− dj,sj

)/
p

di,si
dj,sj

| for d̂ =
q

d̂si d̂sj . Note that in case
of occlusion, the variables yij = 0, and hence the two superpixels
will not be forced to be connected.
Co-planarity: We enforce the co-planar structure by choosing a
third pair of points s′′i and s′′j in the center of each superpixel
along with ones on the boundary. (Fig. 6b) To enforce co-
planarity, we penalize the relative (fractional) distance of point
s′′j from the plane in which superpixel i lies, along the ray Rj,s′′

j

(See Fig. 7).

h
s
′′

j
(αi,αj , yij , Rj,s′′

j
) = exp

“

−yij |(R
T
j,s′′

j
αi − RT

j,s′′

j
αj)d̂s′′

j
|
”

(5)
with hs′′

i ,s′′

j
(·) = hs′′

i
(·)hs′′

j
(·). Note that if the two superpixels

are coplanar, then hs′′

i ,s′′

j
= 1. To enforce co-planarity between

two distant planes that are not connected, we can choose three
such points and use the above penalty.
Co-linearity: Consider two superpixels i and j lying on a long
straight line in a 2-d image (Fig. 8a). There are an infinite number

5The variable νi,si
is an indicator of how good the image features are

in predicting depth for point si in superpixel i. We learn νi,si
from the

monocular image features, by estimating the expected value of |di−xT
i θr |/di

as φT
r xi with logistic response, with φr as the parameters of the model,

features xi and di as ground-truth depths.

(a) 2-d image (b) 3-d world, top view

Fig. 8. Co-linearity. (a) Two superpixels i and j lying on a straight line
in the 2-d image, (b) An illustration showing that a long straight line in the
image plane is more likely to be a straight line in 3-d.

of curves that would project to a straight line in the image plane;
however, a straight line in the image plane is more likely to be a
straight one in 3-d as well (Fig. 8b). In our model, therefore, we
will penalize the relative (fractional) distance of a point (such as
sj) from the ideal straight line.
In detail, consider two superpixels i and j that lie on planes

parameterized by αi and αj respectively in 3-d, and that lie on a
straight line in the 2-d image. For a point sj lying on superpixel
j, we will penalize its (fractional) distance along the ray Rj,sj

from the 3-d straight line passing through superpixel i. I.e.,

hsj (αi,αj , yij , Rj,sj
) = exp

“

−yij |(R
T
j,sj

αi − RT
j,sj

αj)d̂|
”

(6)

with hsi,sj (·) = hsi(·)hsj (·). In detail, RT
j,sj

αj = 1/dj,sj
and

RT
j,sj

αi = 1/d′j,sj
; therefore, the term (RT

j,sj
αi − RT

j,sj
αj)d̂

gives the fractional distance
˛

˛

˛
(dj,sj

− d′j,sj
)/

q

dj,sj
d′j,sj

˛

˛

˛
for d̂ =

q

d̂j,sj
d̂′j,sj

. The “confidence” yij depends on the length of the
line and its curvature—a long straight line in 2-d is more likely
to be a straight line in 3-d.

Parameter Learning and MAP Inference: Exact parameter
learning of the model is intractable; therefore, we use Multi-
Conditional Learning (MCL) for approximate learning, where the
graphical model is approximated by a product of several marginal
conditional likelihoods [30], [31]. In particular, we estimate the
θr parameters efficiently by solving a Linear Program (LP). (See
Appendix for more details.)
MAP inference of the plane parameters α, i.e., maximizing the

conditional likelihood P (α|X, ν, y,R; θ), is efficiently performed
by solving a LP. We implemented an efficient method that uses
the sparsity in our problem, so that inference can be performed in
about 4-5 seconds for an image having about 2000 superpixels on
a single-core Intel 3.40GHz CPU with 2 GB RAM. (See Appendix
for more details.)

VI. FEATURES

For each superpixel, we compute a battery of features to capture
some of the monocular cues discussed in Section III. We also
compute features to predict meaningful boundaries in the images,
such as occlusion and folds. We rely on a large number of
different types of features to make our algorithm more robust
and to make it generalize even to images that are very different
from the training set.
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Fig. 11. (a) Original Image, (b) Ground truth depthmap, (c) Depth from image features only, (d) Point-wise MRF, (e) Plane parameter MRF. (Best viewed
in color.)

Fig. 12. Typical depthmaps predicted by our algorithm on hold-out test set, collected using the laser-scanner. (Best viewed in color.)

Fig. 13. Typical results from our algorithm. (Top row) Original images, (Bottom row) depthmaps (shown in log scale, yellow is closest, followed by red
and then blue) generated from the images using our plane parameter MRF. (Best viewed in color.)

figure ‘square’ when searching for keyword ‘square’; no other
pre-filtering was done on the data.
In addition, we manually labeled 50 images with ‘ground-truth’

boundaries to learn the parameters for occlusion boundaries and
folds.

B. Results and Discussion
We performed an extensive evaluation of our algorithm on 588

internet test images, and 134 test images collected using the laser
scanner.

In Table I, we compare the following algorithms:
(a) Baseline: Both for pointwise MRF (Baseline-1) and plane pa-
rameter MRF (Baseline-2). The Baseline MRF is trained without
any image features, and thus reflects a “prior” depthmap of sorts.
(b) Our Point-wise MRF: with and without constraints (connec-
tivity, co-planar and co-linearity).
(c) Our Plane Parameter MRF (PP-MRF): without any constraint,
with co-planar constraint only, and the full model.
(d) Saxena et al. (SCN), [6], [21] applicable for quantitative errors
only.
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Make3D: Learning 3D Scene Structure from a
Single Still Image

Ashutosh Saxena, Min Sun and Andrew Y. Ng

Abstract—We consider the problem of estimating detailed
3-d structure from a single still image of an unstructured
environment. Our goal is to create 3-d models which are both
quantitatively accurate as well as visually pleasing.
For each small homogeneous patch in the image, we use a

Markov Random Field (MRF) to infer a set of “plane parame-
ters” that capture both the 3-d location and 3-d orientation of the
patch. The MRF, trained via supervised learning, models both
image depth cues as well as the relationships between different
parts of the image. Other than assuming that the environment
is made up of a number of small planes, our model makes no
explicit assumptions about the structure of the scene; this enables
the algorithm to capture much more detailed 3-d structure than
does prior art, and also give a much richer experience in the 3-d
flythroughs created using image-based rendering, even for scenes
with significant non-vertical structure.
Using this approach, we have created qualitatively correct 3-d

models for 64.9% of 588 images downloaded from the internet.
We have also extended our model to produce large scale 3d
models from a few images.1

Index Terms—Machine learning, Monocular vision, Learning
depth, Vision and Scene Understanding, Scene Analysis: Depth
cues.

I. INTRODUCTION
Upon seeing an image such as Fig. 1a, a human has no difficulty

understanding its 3-d structure (Fig. 1c,d). However, inferring
such 3-d structure remains extremely challenging for current
computer vision systems. Indeed, in a narrow mathematical sense,
it is impossible to recover 3-d depth from a single image, since
we can never know if it is a picture of a painting (in which case
the depth is flat) or if it is a picture of an actual 3-d environment.
Yet in practice people perceive depth remarkably well given just
one image; we would like our computers to have a similar sense
of depths in a scene.
Understanding 3-d structure is a fundamental problem of

computer vision. For the specific problem of 3-d reconstruction,
most prior work has focused on stereovision [4], structure from
motion [5], and other methods that require two (or more) images.
These geometric algorithms rely on triangulation to estimate
depths. However, algorithms relying only on geometry often end
up ignoring the numerous additional monocular cues that can also
be used to obtain rich 3-d information. In recent work, [6]–[9]
exploited some of these cues to obtain some 3-d information.
Saxena, Chung and Ng [6] presented an algorithm for predicting
depths from monocular image features. [7] used monocular depth
perception to drive a remote-controlled car autonomously. [8], [9]
built models using a strong assumptions that the scene consists
of ground/horizontal planes and vertical walls (and possibly sky);

Ashutosh Saxena, Min Sun and Andrew Y. Ng are with Computer
Science Department, Stanford University, Stanford, CA 94305. Email:
{asaxena,aliensun,ang}@cs.stanford.edu.
1Parts of this work were presented in [1], [2] and [3].

Fig. 1. (a) An original image. (b) Oversegmentation of the image to obtain
“superpixels”. (c) The 3-d model predicted by the algorithm. (d) A screenshot
of the textured 3-d model.

these methods therefore do not apply to the many scenes that are
not made up only of vertical surfaces standing on a horizontal
floor. Some examples include images of mountains, trees (e.g.,
Fig. 15b and 13d), staircases (e.g., Fig. 15a), arches (e.g., Fig. 11a
and 15k), rooftops (e.g., Fig. 15m), etc. that often have much
richer 3-d structure.
In this paper, our goal is to infer 3-d models that are both

quantitatively accurate as well as visually pleasing. We use
the insight that most 3-d scenes can be segmented into many
small, approximately planar surfaces. (Indeed, modern computer
graphics using OpenGL or DirectX models extremely complex
scenes this way, using triangular facets to model even very
complex shapes.) Our algorithm begins by taking an image, and
attempting to segment it into many such small planar surfaces.
Using a superpixel segmentation algorithm, [10] we find an over-
segmentation of the image that divides it into many small regions
(superpixels). An example of such a segmentation is shown in
Fig. 1b. Because we use an over-segmentation, planar surfaces
in the world may be broken up into many superpixels; however,
each superpixel is likely to (at least approximately) lie entirely
on only one planar surface.
For each superpixel, our algorithm then tries to infer the 3-

d position and orientation of the 3-d surface that it came from.
This 3-d surface is not restricted to just vertical and horizontal
directions, but can be oriented in any direction. Inferring 3-d
position from a single image is non-trivial, and humans do it using
many different visual depth cues, such as texture (e.g., grass has
a very different texture when viewed close up than when viewed
far away); color (e.g., green patches are more likely to be grass on
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Fig. 11. (a) Original Image, (b) Ground truth depthmap, (c) Depth from image features only, (d) Point-wise MRF, (e) Plane parameter MRF. (Best viewed
in color.)
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Fig. 13. Typical results from our algorithm. (Top row) Original images, (Bottom row) depthmaps (shown in log scale, yellow is closest, followed by red
and then blue) generated from the images using our plane parameter MRF. (Best viewed in color.)

figure ‘square’ when searching for keyword ‘square’; no other
pre-filtering was done on the data.
In addition, we manually labeled 50 images with ‘ground-truth’

boundaries to learn the parameters for occlusion boundaries and
folds.

B. Results and Discussion
We performed an extensive evaluation of our algorithm on 588

internet test images, and 134 test images collected using the laser
scanner.

In Table I, we compare the following algorithms:
(a) Baseline: Both for pointwise MRF (Baseline-1) and plane pa-
rameter MRF (Baseline-2). The Baseline MRF is trained without
any image features, and thus reflects a “prior” depthmap of sorts.
(b) Our Point-wise MRF: with and without constraints (connec-
tivity, co-planar and co-linearity).
(c) Our Plane Parameter MRF (PP-MRF): without any constraint,
with co-planar constraint only, and the full model.
(d) Saxena et al. (SCN), [6], [21] applicable for quantitative errors
only.
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Fig. 15. Typical results from our algorithm. Original image (top), and a screenshot of the 3-d flythrough generated from the image (bottom of the image).
The 11 images (a-g,l-t) were evaluated as “correct” and the 4 (h-k) were evaluated as “incorrect.”
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Fig. 15. Typical results from our algorithm. Original image (top), and a screenshot of the 3-d flythrough generated from the image (bottom of the image).
The 11 images (a-g,l-t) were evaluated as “correct” and the 4 (h-k) were evaluated as “incorrect.”



GEOMETRIC CONTEXT:  
DETECTION 
Refine object detection: 

 

Figure 5: Failure examples. Two columns of {original, ground truth, test result}. Failures can be caused by reflections (top row) or shadows
(bottom-left). At the bottom-right, we show one of the most dramatic failures of our system.

(a) Input (b) Full (c) Loc Only (d) No Color (e) No Texture (f) No Loc/Shp (g) No Geom
Figure 6: In difficult cases, every cue is important. When any set of features (d-g) is removed, more errors are made than when all features
are used (b). Although removing location features (f) cripples the classifier in this case, location alone is not sufficient (c).

(a) Local Features Only (b) Geometric Labels (c) With Context
Figure 7: Improvement in Murphy et al.’s detector [20] with our geometric context. By adding a small set of context features derived from
the geometric labels to a set of local features, we reduce false positives while achieving the same detection rate. For a 75% detection rate,
more than two-thirds of the false positives are eliminated. The detector settings (e.g. non-maximal suppression) were tuned for the original
detector.

Input Labels Novel View Novel View
Figure 8: Original image used by Liebowitz et al. [17] and two novel views from the scaled 3D model generated by our system. Since the
roof in our model is not slanted, the model generated by Liebowitz, et al. is slightly more accurate, but their model is manually specified,
while ours is created fully automatically [12]!
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Figure 3. An object’s height in the image can be determined from
its height in the world and the viewpoint.

ject (e.g. a pedestrian) could be found (Figure 2). Without
considering the 3D structure of the scene, all image posi-
tions and scales are equally likely (Figure 2b) – this is what
most object detectors assume. But if we can estimate the
rough surface geometry in the scene, this information can
be used to adjust the probability of finding a pedestrian at
a given image location (Figure 2d). Likewise, having an
estimate of the camera viewpoint (height and horizon posi-
tion) supplies the likely scale of an object in the image (Fig-
ure 2f). Combining these two geometric cues together gives
us a rather tight prior likelihood for the location and scale
of a pedestrian, as in Figure 2g. This example is particu-
larly interesting because this is still only a prior – we have
not applied a pedestrian detector yet. Notice, as well, that
the pattern of expected pedestrian detections is very remi-
niscent of typical human eye-tracking experiments, where
subjects are asked to search for a person in an image.

Of course, just as scene and camera geometry can influ-
ence object detection, so can the detected objects alter the
geometry estimation. For example, if we know the loca-
tions/scales of some of the objects in the image, we can use
this to better estimate the camera viewpoint parameters (see
the 90% confidence bounds in Figure 2e). In general, our
aim is to combine all these pieces of evidence into a single
coherent image interpretation framework.

The rest of the paper will be devoted to exploring our
two primary conjectures: 1) 3D reasoning improves object
detection, even when using a single image from an uncali-
brated camera, and 2) the more fully the scene is modeled
(more properties, more objects), the better the estimates
will be. We will first describe the mathematics of projec-
tive geometry as it relates to our problem (Section 2). We
will then define the probabilistic model used for describing
the relationships within the 3D scene (Section 3) and how
it can be learned (Section 4). Finally, we present quantita-
tive and qualitative results demonstrating the performance
of our system on a difficult dataset (Section 5).

2. Scene Projection

Under a zero-skew, unit aspect ratio perspective camera
model, we can compute a grounded object’s height in the

scene, given only the camera height and horizon line (see
Figure 3). First, let’s rotate and translate our image coordi-
nates (u, v) to the coordinates (û, v̂) so that v̂ = 0 for every
point on the horizon and v̂ > 0 for every point below the
horizon. The world height y of a point can be recovered
from v̂ = (yc − y) f

z
where yc is the camera height, z is

the depth, and f is the camera focal length. Without loss of
generality, we define the object to rest on the plane y = 0.
The object’s height can be recovered from v̂1

v̂1−v̂2
= yc

y
,

where v̂1 is the bottom and v̂2 is the top of the object. To
get v̂ from pixel coordinates, we simply compute the dis-
tance of the horizon line to the point. In this paper, since
photographs typically have little roll, we define the horizon
line by the image row v0. Letting vi and hi denote the bot-
tom position and height of an object in the image, we have
the following relationship:

yi =
hiyc

vi − v0
. (1)

From equation 1, we can compute the image height hi of
an object given its image position vi, 3D height yi, and the
viewpoint (v0, yc). Of course, for an uncalibrated camera,
we do not know the viewpoint or the object’s true height
a priori. However, since people do not take photos in a
completely random manner and since objects have a small
range of possible 3D sizes, we can estimate an informative
distribution of viewpoint and object size and, from it, derive
a distribution for hi given vi.

In our paper, we assume that all objects of interest rest
on the ground plane. While this assumption may seem re-
strictive (cannot find people on the rooftops), humans seem
to make the same assumption (we don’t notice the security
standing on the rooftops at political rallies unless we specif-
ically look for them). If the ground is sloped, as in Figure 2,
the coordinates and parameters are computed with respect
to that slope, and the relationship between viewpoint and
objects in the image still holds.

3. Modeling the Scene

We want to determine the viewpoint, object identities,
and surface geometry of the scene from an image. We could
estimate each independently, but our estimates will be much
more accurate if we take advantage of the interactions be-
tween the scene elements. We consider the objects (e.g.,
cars, pedestrians, background) and geometric surfaces to
each produce image evidence. The viewpoint, defined by
the horizon position in the image and the camera height,
directly affects the position and size of the objects in the
image. In turn, the objects directly affect nearby geometric
surfaces. We assume that local geometric surfaces are inde-
pendent given their corresponding object identities and that
the object identities are independent given the viewpoint.
In Figure 4, we represent these conditional independence
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A DETECTION FRAMEWORK 
This context model between: object, geometric, viewpoint 
can be used with any object detection system. 
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Context between human and object 

Task: Object labeling on RGBD image 
Idea: Use both obj-obj context and human-obj context  
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Abstract
For scene understanding, one popular approach has

been to model the object-object relationships. In this paper,
we hypothesize that such relationships are only an artifact
of certain hidden factors, such as humans. For example, the
objects, monitor and keyboard, are strongly spatially cor-
related only because a human types on the keyboard while
watching the monitor. Our goal is to learn this hidden hu-
man context (i.e., the human-object relationships), and also
use it as a cue for labeling the scenes. We present Infinite
Factored Topic Model (IFTM), where we consider a scene
as being generated from two types of topics: human config-
urations and human-object relationships. This enables our
algorithm to hallucinate the possible configurations of the
humans in the scene parsimoniously. Given only a dataset
of scenes containing objects but not humans, we show that
our algorithm can recover the human object relationships.
We then test our algorithm on the task of attribute and object
labeling in 3D scenes and show consistent improvements
over the state-of-the-art.

1. Introduction
We make the world we live in and shape our own
environment. Orison Swett Marden (1894).

For reasoning about cluttered human environments, for
example in the task of 3D scene labeling, it is critical we
reason through humans. Human context provides a natu-
ral explanation of why the environment is built in particu-
lar ways. Specifically, consider the scene in Fig. 1, with a
chair, table, monitor and keyboard. This particular config-
uration that is commonly found in offices, can be naturally
explained by a sitting human pose in the chair and work-
ing with the computer. Moreover, from the point of view
of modeling and learning, this explanation is parsimonious
and efficient as compared to modeling the object-object
relationships [19] such as chair-keyboard, table-monitor,
monitor-keyboard, etc.1

1For n objects, we only need to model how they are used by humans,
i.e., O(n) relations, as compared with modeling O(n2) if we were to
model object to object context naively.

Figure 1: Left: Previous approaches model the relations between
observable entities, such as the objects. Right: In our work, we
consider the relations between the objects and hidden humans. Our
key hypothesis is that even when the humans are never observed,
the human context is helpful.

In fact, several recent works have shown promise in
using human and object affordances to model the scenes.
Jiang, Lim and Saxena [14, 17] used hallucinated humans
for learning the object arrangements in a house in order
to enable robots to place objects in human-preferred loca-
tions. However, they assumed that the objects have been
detected. Our goal in this work is different, where we start
with 3D point-clouds obtained from RGB-D sensors and la-
bel them using their shape, appearance and hallucinated hu-
man context. Gupta et al. [10] proposed predicting stable
and feasible human poses given an approximate 3D geom-
etry from an image. While inspired by these prior works,
the key idea in our work is to hallucinate humans in order to
learn a generic form of object affordance, and to use them
in the task of labeling 3D scenes. While a large corpus of
scenes with objects is available, humans and their interac-
tions with objects are observed only a few times for some
objects. Therefore, using hallucinated humans gives us the
advantage of considering human context while not limited
to data that contains real human interactions.

However, if the humans are not observed in the scene
and we do not know the object affordances either (i.e., how
humans use objects), then learning both of them is an ill-
posed problem. For example, one trivial, but useless, so-
lution would be having one human configuration for every
object in the scene. The key idea in our work is to prefer
parsimony in our model as follows. First, while the space of
potential unobserved human configurations are large, only

1



HUMAN-OBJECT CONTEXT 
1.  Label all objects 

2.  Infer a human pose interacting with objects 
3.  Refine object labeling base on the inferred human pose 
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Figure 6: Examples of learned object-affordance topics. An affordance is represented by the probabilistic distribution of an object in a
5⇥ 5⇥ 3 space given a human pose. We show both projected top views and side views for different object classes.
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of the image and the heat-maps show the probability of finding other related objects such as table top, monitor, etc.

This illustrates that for n objects, we can model O(n2
)

object-object relations with only O(n) human-object pa-
rameters. Some examples are shown in Fig. 7. We can find
that many object-object relationships are recovered reason-
ably from our learned affordances. For example, given a
keyboard, a monitor is likely to be found in front of and
above it while tableTop at the same height as it (sometimes
above it as the keyboard is often in a keyboard-tray in of-
fices). In home scenes, given a bed, we can find a pillow on
the head of the bed, quilt right above the bed and bedSide
slightly below it. This supports our hypothesis that object-
object relations are only an artifact of the hidden context of
human-object relations.

Does human context helps in scene labeling? Table. 1
shows that the affordance topic proportions (human context)
as extra features boosts the labeling performance. First,

when combining human context with the image- and shape-
features, we see a consistent improvement in labeling per-
formance in all evaluation metrics, regardless of the object-
object context. Second, when we add object-object con-
text, the performance is further boosted in the case of office
scenes and improves marco precision for home scenes. This
indicates that there is some orthogonality in the human-
object context and object-object context. In fact, adding
object-object context to human-object context was particu-
larly helpful for small objects such as keyboards and books
that are not always used by humans together, but still have
a spatial correlation between them.

We also show the confusion matrices in Fig. 8. We found
that while our algorithm can distinguish most of the objects,
it sometimes confuses objects with similar affordance. For
example, it confuses pillow with quilt and confuses book



GEOMETRIC CONTEXT:  
ROOM LAYOUT 
Task: Estimate a box for the room 

Input Image Hoiem et al. [9] Liu et al. [14] Barinova et al. [1] Our Algorithm
Figure 5. Qualitative comparison of box layout estimation for several methods. On the left, we show the input image. Then, from left
to right, we compare four methods. Column 2: Most likely labels from Hoiem et al.’s algorithm [9] (floor=green; left wall=red; middle
wall=yellow; right wall=cyan; ceiling=blue;). Column 3: Improved estimates using Liu et al.’s [14] ordering constraints, intialised by [9].
Column 4: Barinova et al.’s algorithm [1] recovers the ground vertical boundary as a continuous polyline (thick red) and indicates wall
faces with a white spidery mesh and thin red lines. Column 5: Our algorithm. Note that Barinova et al.’s algorithm was trained on urban
imagery, causing the boundary to shift upwards due to a prior for deeper scenes. Hoiem et al.’s method is sensitive to local contrast (row 1:
reflection on the floor) and clutter (rows 2-4). The ordering constraints of Liu et al. improve results but cannot fix large errors. Barinova
et al.’s algorithm is more robust but still has trouble with clutter, due to its assumption of a continuous ground-vertical polyline which is
not true for cluttered rooms. Our box parameterization of scene space is similar to that of Barinova et al., but our method is more robust
to clutter because we search the joint space of all the box parameters (learning with structured outputs), which contrasts with their greedy
search strategy. Our approach of explicitly modeling clutter with the surface labels provides a further improvement. Best viewed in color.
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Figure 7. (a) Each curve shows the lowest pixel error between
the ground truth layout and all generated layouts of an image for a
given number of ray samples. Shown for all 308 training images.
(b) For 10 ray samples per vanishing point, green and blue curves
show the lowest possible achievable pixel error using any layout,
and the pixel error of the layout estimated by our algorithm, re-
spectively. Shown for all 104 test images.

tribute to our errors in spatial layout estimation. In Fig. 7(a),
we compare the accuracy of the best possible box layout,
while varying the granularity of ray sampling (see Sec. 3.2).

The best possible layout is the one with the least pixel error
w.r.t. to ground truth layout among all the candidates gener-
ated under the constraints imposed by the vanishing points
(VPs). We can see that even with very fine sampling (35
rays per VP), the error is sometimes high, which is due to
error in estimating the vanishing points. For 7, 10, 14, 20,
and 35 sampled rays, the average minimum possible error
(assuming a perfect layout ranker) is 11.6%, 8.3%, 6.7%,
5.3%, and 4.0%. Thus, about 4% of our error is likely due
to our coarse sampling of 10 rays. In Fig. 7(b) we compare
the top-ranked layout for our test images according to our
learned parameters and the best possible layout for these im-
ages after sampling 10 rays. The average gap between the
error of the layout predicted as best by our method and the
best possible layout using this ray sampling is 13.0%, which
is due to the errors in our ranking estimates (Sec. 3.3, 4).

As we show in Sec. 5.3, even small errors in the spatial
layout can have large effects on 3D reasoning. For instance,
placing the wall-floor boundary even slightly too high in the
image can greatly exaggerate the depth of the room (Fig. 8,

Input Image Hoiem et al. [9] Liu et al. [14] Barinova et al. [1] Our Algorithm
Figure 5. Qualitative comparison of box layout estimation for several methods. On the left, we show the input image. Then, from left
to right, we compare four methods. Column 2: Most likely labels from Hoiem et al.’s algorithm [9] (floor=green; left wall=red; middle
wall=yellow; right wall=cyan; ceiling=blue;). Column 3: Improved estimates using Liu et al.’s [14] ordering constraints, intialised by [9].
Column 4: Barinova et al.’s algorithm [1] recovers the ground vertical boundary as a continuous polyline (thick red) and indicates wall
faces with a white spidery mesh and thin red lines. Column 5: Our algorithm. Note that Barinova et al.’s algorithm was trained on urban
imagery, causing the boundary to shift upwards due to a prior for deeper scenes. Hoiem et al.’s method is sensitive to local contrast (row 1:
reflection on the floor) and clutter (rows 2-4). The ordering constraints of Liu et al. improve results but cannot fix large errors. Barinova
et al.’s algorithm is more robust but still has trouble with clutter, due to its assumption of a continuous ground-vertical polyline which is
not true for cluttered rooms. Our box parameterization of scene space is similar to that of Barinova et al., but our method is more robust
to clutter because we search the joint space of all the box parameters (learning with structured outputs), which contrasts with their greedy
search strategy. Our approach of explicitly modeling clutter with the surface labels provides a further improvement. Best viewed in color.
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Figure 7. (a) Each curve shows the lowest pixel error between
the ground truth layout and all generated layouts of an image for a
given number of ray samples. Shown for all 308 training images.
(b) For 10 ray samples per vanishing point, green and blue curves
show the lowest possible achievable pixel error using any layout,
and the pixel error of the layout estimated by our algorithm, re-
spectively. Shown for all 104 test images.

tribute to our errors in spatial layout estimation. In Fig. 7(a),
we compare the accuracy of the best possible box layout,
while varying the granularity of ray sampling (see Sec. 3.2).

The best possible layout is the one with the least pixel error
w.r.t. to ground truth layout among all the candidates gener-
ated under the constraints imposed by the vanishing points
(VPs). We can see that even with very fine sampling (35
rays per VP), the error is sometimes high, which is due to
error in estimating the vanishing points. For 7, 10, 14, 20,
and 35 sampled rays, the average minimum possible error
(assuming a perfect layout ranker) is 11.6%, 8.3%, 6.7%,
5.3%, and 4.0%. Thus, about 4% of our error is likely due
to our coarse sampling of 10 rays. In Fig. 7(b) we compare
the top-ranked layout for our test images according to our
learned parameters and the best possible layout for these im-
ages after sampling 10 rays. The average gap between the
error of the layout predicted as best by our method and the
best possible layout using this ray sampling is 13.0%, which
is due to the errors in our ranking estimates (Sec. 3.3, 4).

As we show in Sec. 5.3, even small errors in the spatial
layout can have large effects on 3D reasoning. For instance,
placing the wall-floor boundary even slightly too high in the
image can greatly exaggerate the depth of the room (Fig. 8,

Input Image Hoiem et al. [9] Liu et al. [14] Barinova et al. [1] Our Algorithm
Figure 5. Qualitative comparison of box layout estimation for several methods. On the left, we show the input image. Then, from left
to right, we compare four methods. Column 2: Most likely labels from Hoiem et al.’s algorithm [9] (floor=green; left wall=red; middle
wall=yellow; right wall=cyan; ceiling=blue;). Column 3: Improved estimates using Liu et al.’s [14] ordering constraints, intialised by [9].
Column 4: Barinova et al.’s algorithm [1] recovers the ground vertical boundary as a continuous polyline (thick red) and indicates wall
faces with a white spidery mesh and thin red lines. Column 5: Our algorithm. Note that Barinova et al.’s algorithm was trained on urban
imagery, causing the boundary to shift upwards due to a prior for deeper scenes. Hoiem et al.’s method is sensitive to local contrast (row 1:
reflection on the floor) and clutter (rows 2-4). The ordering constraints of Liu et al. improve results but cannot fix large errors. Barinova
et al.’s algorithm is more robust but still has trouble with clutter, due to its assumption of a continuous ground-vertical polyline which is
not true for cluttered rooms. Our box parameterization of scene space is similar to that of Barinova et al., but our method is more robust
to clutter because we search the joint space of all the box parameters (learning with structured outputs), which contrasts with their greedy
search strategy. Our approach of explicitly modeling clutter with the surface labels provides a further improvement. Best viewed in color.
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Figure 7. (a) Each curve shows the lowest pixel error between
the ground truth layout and all generated layouts of an image for a
given number of ray samples. Shown for all 308 training images.
(b) For 10 ray samples per vanishing point, green and blue curves
show the lowest possible achievable pixel error using any layout,
and the pixel error of the layout estimated by our algorithm, re-
spectively. Shown for all 104 test images.

tribute to our errors in spatial layout estimation. In Fig. 7(a),
we compare the accuracy of the best possible box layout,
while varying the granularity of ray sampling (see Sec. 3.2).

The best possible layout is the one with the least pixel error
w.r.t. to ground truth layout among all the candidates gener-
ated under the constraints imposed by the vanishing points
(VPs). We can see that even with very fine sampling (35
rays per VP), the error is sometimes high, which is due to
error in estimating the vanishing points. For 7, 10, 14, 20,
and 35 sampled rays, the average minimum possible error
(assuming a perfect layout ranker) is 11.6%, 8.3%, 6.7%,
5.3%, and 4.0%. Thus, about 4% of our error is likely due
to our coarse sampling of 10 rays. In Fig. 7(b) we compare
the top-ranked layout for our test images according to our
learned parameters and the best possible layout for these im-
ages after sampling 10 rays. The average gap between the
error of the layout predicted as best by our method and the
best possible layout using this ray sampling is 13.0%, which
is due to the errors in our ranking estimates (Sec. 3.3, 4).

As we show in Sec. 5.3, even small errors in the spatial
layout can have large effects on 3D reasoning. For instance,
placing the wall-floor boundary even slightly too high in the
image can greatly exaggerate the depth of the room (Fig. 8,

Input Image Hoiem et al. [9] Liu et al. [14] Barinova et al. [1] Our Algorithm
Figure 5. Qualitative comparison of box layout estimation for several methods. On the left, we show the input image. Then, from left
to right, we compare four methods. Column 2: Most likely labels from Hoiem et al.’s algorithm [9] (floor=green; left wall=red; middle
wall=yellow; right wall=cyan; ceiling=blue;). Column 3: Improved estimates using Liu et al.’s [14] ordering constraints, intialised by [9].
Column 4: Barinova et al.’s algorithm [1] recovers the ground vertical boundary as a continuous polyline (thick red) and indicates wall
faces with a white spidery mesh and thin red lines. Column 5: Our algorithm. Note that Barinova et al.’s algorithm was trained on urban
imagery, causing the boundary to shift upwards due to a prior for deeper scenes. Hoiem et al.’s method is sensitive to local contrast (row 1:
reflection on the floor) and clutter (rows 2-4). The ordering constraints of Liu et al. improve results but cannot fix large errors. Barinova
et al.’s algorithm is more robust but still has trouble with clutter, due to its assumption of a continuous ground-vertical polyline which is
not true for cluttered rooms. Our box parameterization of scene space is similar to that of Barinova et al., but our method is more robust
to clutter because we search the joint space of all the box parameters (learning with structured outputs), which contrasts with their greedy
search strategy. Our approach of explicitly modeling clutter with the surface labels provides a further improvement. Best viewed in color.
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Figure 7. (a) Each curve shows the lowest pixel error between
the ground truth layout and all generated layouts of an image for a
given number of ray samples. Shown for all 308 training images.
(b) For 10 ray samples per vanishing point, green and blue curves
show the lowest possible achievable pixel error using any layout,
and the pixel error of the layout estimated by our algorithm, re-
spectively. Shown for all 104 test images.

tribute to our errors in spatial layout estimation. In Fig. 7(a),
we compare the accuracy of the best possible box layout,
while varying the granularity of ray sampling (see Sec. 3.2).

The best possible layout is the one with the least pixel error
w.r.t. to ground truth layout among all the candidates gener-
ated under the constraints imposed by the vanishing points
(VPs). We can see that even with very fine sampling (35
rays per VP), the error is sometimes high, which is due to
error in estimating the vanishing points. For 7, 10, 14, 20,
and 35 sampled rays, the average minimum possible error
(assuming a perfect layout ranker) is 11.6%, 8.3%, 6.7%,
5.3%, and 4.0%. Thus, about 4% of our error is likely due
to our coarse sampling of 10 rays. In Fig. 7(b) we compare
the top-ranked layout for our test images according to our
learned parameters and the best possible layout for these im-
ages after sampling 10 rays. The average gap between the
error of the layout predicted as best by our method and the
best possible layout using this ray sampling is 13.0%, which
is due to the errors in our ranking estimates (Sec. 3.3, 4).

As we show in Sec. 5.3, even small errors in the spatial
layout can have large effects on 3D reasoning. For instance,
placing the wall-floor boundary even slightly too high in the
image can greatly exaggerate the depth of the room (Fig. 8,

Clutter is a 
big problem 



ROOM LAYOUT ESTIMATION 

The # of possible room layout is huge, so sampling first. 

Vanishing point 



HYPOTHESIS GENERATION 

Figure 4. Layout generation: Once the vanishing points are
known, we sample the space of translations. A layout is com-
pletely specified by two rays through each of two vanishing points,
which give four corners and four edges, and the remaining edges
of the box follow by casting rays through the third vanishing point
and these corners.

3.3. Learning to Rank Box Layouts with Structured
Outputs

We want to rank the box layouts according to how
well they fit the ground truth layout. Given a set of in-
door training images {x1, x2, ...xn} ∈ X and their layouts
{y1, y2, ...yn} ∈ Y we wish to learn a mapping f : X, Y →
R which can be used to assign a score to the automatically
generated candidate layouts for an image, as described in
Sec. 3.2. Each layout here is parameterized by five face
polygons, y = {F1, F2, F3, F4, F5}. The mapping f should
be such that f(xi, y) takes a high value for the correct com-
bination of input image and layout, y = yi, and its value
reduces as the deviation of y from yi increases. Thus, for
a new test image x, the correct layout can be chosen as y∗,
where,

y∗ = arg max
y

f(x, y; w) (2)

The above is a structured regression problem, where the
output is not a binary decision, but a layout which has a
complex structure. To solve this, we use the structured
learning framework described in [25], which models the
relationships between different outputs within the output
space to better utilize the available training data. We set,
f(x, y) = wT ψ(x, y), where ψ(x, y) is a vector of features.
The mapping f is learned discriminatively by solving

minw,ξ
1
2 ||w||2 + C

!
i ξi

s.t. ξi ≥ 0 ∀i, and (3)
wT ψ(xi, yi) − wT ψ(xi, y) ≥ ∆(yi, y) − ξi,

∀i,∀y ∈ Y/ yi

where ξi’s are slack variables, ∆(yi, y) is the loss function
quantifying the deviation between two layouts, C is a scal-

ing constant, and, ψ(xi, y) is the set of features extracted for
image layout pair (xi, y). In our experiments, we choose
C = 1. We define the loss function ∆ with three terms:
∆t penalizes the absence of a face Fk in one layout if it is
present in the other one; ∆c measures the shift in centroid
ck of the faces of the two layouts; and ∆p is the sum of pixel
errors of the corresponding faces of the two layouts, which
is measured as their areas of overlap.

∆(yi, y) = ∆t(yi, y) + ∆c(yi, y) + ∆p(yi, y)
∆t(yi, y) = Σk∈[1,5]δ(Fik, Fk) (4)

∆c(yi, y) = Σk∈[1,5]||cik − ck||2

∆p(yi, y) = Σk∈[1,5](1 − Area(Fik ∩ Fk)
Area(Fik ∪ Fk)

)

where δ(Fik, Fk) = 1 if Area(Fik) > 0 and
Area(Fk) = 0 or Area(Fik) = 0 and Area(Fk) > 0;
otherwise δ(Fik, Fk) = 0.

For a given choice of loss function and features the de-
fined objective function is convex with linear constraints.
However the a large number of constraints is usually a bind-
ing factor in solving such problems. In our case the number
of constraints are manageable, due to the sampling of rays.
However if a denser sampling is performed, one would need
to resort to other approximate methods like those described
in [25].

Features. ψ(xi, y) is the set of features of layout y. We
use the line membership features that depend on detected
straight lines in the image and their memberships to the
three vanishing points, as defined in Sec. 3.1. For each face
Fk, the unweighted line membership feature fl is defined
as,

fl(Fk) =

!
lj∈Ck
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lj∈Lk
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(5)

where Lk is the set of lines in Fk, Ck is the set of lines
which belong to the two vanishing points for face Fk. We
denote length of line by |l|.

Since each face is characterized by two vanishing points,
most of the lines inside each face should belong to one of
these two vanishing points. However this is not necessarily
true for the lines on objects. For instance, in Fig. 2, the red
lines on the sofa and table correspond to vertical vanishing
point but fall inside the floor face. For this reason, we also
compute a set of line memberships that are weighted by the
confidence that a line is not inside an object region (esti-
mated as part of the surface labels, described in Sec. 4). We
also include the average pixel confidences for the surface la-
bels within each face, which incorporates information from
the color, texture, and perspective cues that influence the
surface labels. Note that the box layout is first estimated
without these surface-based features and then re-estimated
using all features after estimating the surface labels.
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Figure 4. Layout generation: Once the vanishing points are
known, we sample the space of translations. A layout is com-
pletely specified by two rays through each of two vanishing points,
which give four corners and four edges, and the remaining edges
of the box follow by casting rays through the third vanishing point
and these corners.

3.3. Learning to Rank Box Layouts with Structured
Outputs

We want to rank the box layouts according to how
well they fit the ground truth layout. Given a set of in-
door training images {x1, x2, ...xn} ∈ X and their layouts
{y1, y2, ...yn} ∈ Y we wish to learn a mapping f : X, Y →
R which can be used to assign a score to the automatically
generated candidate layouts for an image, as described in
Sec. 3.2. Each layout here is parameterized by five face
polygons, y = {F1, F2, F3, F4, F5}. The mapping f should
be such that f(xi, y) takes a high value for the correct com-
bination of input image and layout, y = yi, and its value
reduces as the deviation of y from yi increases. Thus, for
a new test image x, the correct layout can be chosen as y∗,
where,

y∗ = arg max
y

f(x, y; w) (2)

The above is a structured regression problem, where the
output is not a binary decision, but a layout which has a
complex structure. To solve this, we use the structured
learning framework described in [25], which models the
relationships between different outputs within the output
space to better utilize the available training data. We set,
f(x, y) = wT ψ(x, y), where ψ(x, y) is a vector of features.
The mapping f is learned discriminatively by solving
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s.t. ξi ≥ 0 ∀i, and (3)
wT ψ(xi, yi) − wT ψ(xi, y) ≥ ∆(yi, y) − ξi,

∀i,∀y ∈ Y/ yi

where ξi’s are slack variables, ∆(yi, y) is the loss function
quantifying the deviation between two layouts, C is a scal-

ing constant, and, ψ(xi, y) is the set of features extracted for
image layout pair (xi, y). In our experiments, we choose
C = 1. We define the loss function ∆ with three terms:
∆t penalizes the absence of a face Fk in one layout if it is
present in the other one; ∆c measures the shift in centroid
ck of the faces of the two layouts; and ∆p is the sum of pixel
errors of the corresponding faces of the two layouts, which
is measured as their areas of overlap.

∆(yi, y) = ∆t(yi, y) + ∆c(yi, y) + ∆p(yi, y)
∆t(yi, y) = Σk∈[1,5]δ(Fik, Fk) (4)
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)

where δ(Fik, Fk) = 1 if Area(Fik) > 0 and
Area(Fk) = 0 or Area(Fik) = 0 and Area(Fk) > 0;
otherwise δ(Fik, Fk) = 0.

For a given choice of loss function and features the de-
fined objective function is convex with linear constraints.
However the a large number of constraints is usually a bind-
ing factor in solving such problems. In our case the number
of constraints are manageable, due to the sampling of rays.
However if a denser sampling is performed, one would need
to resort to other approximate methods like those described
in [25].

Features. ψ(xi, y) is the set of features of layout y. We
use the line membership features that depend on detected
straight lines in the image and their memberships to the
three vanishing points, as defined in Sec. 3.1. For each face
Fk, the unweighted line membership feature fl is defined
as,

fl(Fk) =
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where Lk is the set of lines in Fk, Ck is the set of lines
which belong to the two vanishing points for face Fk. We
denote length of line by |l|.

Since each face is characterized by two vanishing points,
most of the lines inside each face should belong to one of
these two vanishing points. However this is not necessarily
true for the lines on objects. For instance, in Fig. 2, the red
lines on the sofa and table correspond to vertical vanishing
point but fall inside the floor face. For this reason, we also
compute a set of line memberships that are weighted by the
confidence that a line is not inside an object region (esti-
mated as part of the surface labels, described in Sec. 4). We
also include the average pixel confidences for the surface la-
bels within each face, which incorporates information from
the color, texture, and perspective cues that influence the
surface labels. Note that the box layout is first estimated
without these surface-based features and then re-estimated
using all features after estimating the surface labels.
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Figure 4. Layout generation: Once the vanishing points are
known, we sample the space of translations. A layout is com-
pletely specified by two rays through each of two vanishing points,
which give four corners and four edges, and the remaining edges
of the box follow by casting rays through the third vanishing point
and these corners.

3.3. Learning to Rank Box Layouts with Structured
Outputs

We want to rank the box layouts according to how
well they fit the ground truth layout. Given a set of in-
door training images {x1, x2, ...xn} ∈ X and their layouts
{y1, y2, ...yn} ∈ Y we wish to learn a mapping f : X, Y →
R which can be used to assign a score to the automatically
generated candidate layouts for an image, as described in
Sec. 3.2. Each layout here is parameterized by five face
polygons, y = {F1, F2, F3, F4, F5}. The mapping f should
be such that f(xi, y) takes a high value for the correct com-
bination of input image and layout, y = yi, and its value
reduces as the deviation of y from yi increases. Thus, for
a new test image x, the correct layout can be chosen as y∗,
where,

y∗ = arg max
y

f(x, y; w) (2)

The above is a structured regression problem, where the
output is not a binary decision, but a layout which has a
complex structure. To solve this, we use the structured
learning framework described in [25], which models the
relationships between different outputs within the output
space to better utilize the available training data. We set,
f(x, y) = wT ψ(x, y), where ψ(x, y) is a vector of features.
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where ξi’s are slack variables, ∆(yi, y) is the loss function
quantifying the deviation between two layouts, C is a scal-

ing constant, and, ψ(xi, y) is the set of features extracted for
image layout pair (xi, y). In our experiments, we choose
C = 1. We define the loss function ∆ with three terms:
∆t penalizes the absence of a face Fk in one layout if it is
present in the other one; ∆c measures the shift in centroid
ck of the faces of the two layouts; and ∆p is the sum of pixel
errors of the corresponding faces of the two layouts, which
is measured as their areas of overlap.

∆(yi, y) = ∆t(yi, y) + ∆c(yi, y) + ∆p(yi, y)
∆t(yi, y) = Σk∈[1,5]δ(Fik, Fk) (4)
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)

where δ(Fik, Fk) = 1 if Area(Fik) > 0 and
Area(Fk) = 0 or Area(Fik) = 0 and Area(Fk) > 0;
otherwise δ(Fik, Fk) = 0.

For a given choice of loss function and features the de-
fined objective function is convex with linear constraints.
However the a large number of constraints is usually a bind-
ing factor in solving such problems. In our case the number
of constraints are manageable, due to the sampling of rays.
However if a denser sampling is performed, one would need
to resort to other approximate methods like those described
in [25].

Features. ψ(xi, y) is the set of features of layout y. We
use the line membership features that depend on detected
straight lines in the image and their memberships to the
three vanishing points, as defined in Sec. 3.1. For each face
Fk, the unweighted line membership feature fl is defined
as,

fl(Fk) =
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where Lk is the set of lines in Fk, Ck is the set of lines
which belong to the two vanishing points for face Fk. We
denote length of line by |l|.

Since each face is characterized by two vanishing points,
most of the lines inside each face should belong to one of
these two vanishing points. However this is not necessarily
true for the lines on objects. For instance, in Fig. 2, the red
lines on the sofa and table correspond to vertical vanishing
point but fall inside the floor face. For this reason, we also
compute a set of line memberships that are weighted by the
confidence that a line is not inside an object region (esti-
mated as part of the surface labels, described in Sec. 4). We
also include the average pixel confidences for the surface la-
bels within each face, which incorporates information from
the color, texture, and perspective cues that influence the
surface labels. Note that the box layout is first estimated
without these surface-based features and then re-estimated
using all features after estimating the surface labels.

Feature: 

(a) (b)

Figure 3. (a) Angular distance of a line segment to a vanishing
point, computed as the angle between the line segment and the
line joining the mid point of the segment to the vanishing point.
(b) Line memberships: red, green and blue lines correspond to 3
vanishing points, and the outlier lines are shown in cyan.

3. Estimating the Box Layout
We generate candidate box layouts in two steps. First,

we estimate three orthogonal vanishing points using a stan-
dard algorithm (Sec. 3.1) to get the box orientation. Next,
by sampling pairs of rays from two of these vanishing points
(Sec. 3.2), we specify set of wall translations and scalings
that are consistent with the orientation provided by the van-
ishing points. Choosing the best candidate layout is diffi-
cult. We propose a criteria that measures the quality of a
candidate as a whole and learn it with structured outputs
(Sec. 3.3).

3.1. Estimating the Box Orientation

Under perspective projection, parallel lines in 3D inter-
sect in the image plane at vanishing points. We assume that
the room can be modelled by a box layout and that most
surfaces inside the room are aligned with the room direc-
tions. We want to estimate a triplet of vanishing points cor-
responding to the three principal orthogonal directions of a
room, which specifies the box layout orientation. Several
works [3, 12, 20] address estimation of vanishing points
from an image (see [5] for an excellent discussion). In
our implementation, we modify Rother’s algorithm [20] for
finding mutually orthogonal vanishing points with more ro-
bust voting and search schemes. Rother ranks all triplets
using a voting strategy, scoring angular deviation between
the line and the point (see Fig. 3(a)) and using RANSAC
driven search. Candidate points are chosen as intersection
points of all detected lines, among which triplets are se-
lected. We use an alternate greedy strategy. We first select
the candidate point with the highest vote and then remove
lines that cast high votes for this point. We quantize the re-
maining intersection points using variable bin sizes in the
image plane, increasing as we go outwards from the image
center. We use variable sizes because the position errors for
vanishing point close to the image center are more critical to
the estimation of room box rotation. The above operations
drastically reduce the complexity of search space and works
well for indoor scenes, where most lines lie along one of the

principal directions.
We also extend the linear voting scheme used in [20]

to a more robust exponential voting scheme. This makes
the voting space more peaky, facilitating discrimination be-
tween good and bad vanishing point candidates. We define
the vote of a line segment l for a candidate point p as,

v(l, p) = |l| ∗ exp−(
α

2σ2
) (1)

α , where, is the angle between the line connecting p and
midpoint of l, as shown in Fig. 3(a), and σ is the robust-
ness threshold. In all our experiments, we set σ = 0.1. The
straight lines of length greater than 30 pixels are used for
estimation, resulting in 100-200 lines per image. Once the
winning triplet is identified, each detected line in the image
can be assigned to one of the vanishing points according to
the vote it casts for these points, which we refer to as line
membership. Fig. 3(b) shows lines corresponding to dif-
ferent vanishing points in different colors. The lines which
cast votes below threshold are assumed to be outlier lines
shown in cyan.

3.2. Getting the Box Translation

Knowledge of the box orientation imposes strict geomet-
ric constraints on the projections of corners of the box, as
shown in Fig. 4 and listed below. At most 5 faces of the
box,corresponding to 3 walls, floor and ceiling, can be vis-
ible in the image, each projecting as a polygon. The 3D
corners of the box are denoted by A, B, C, and D, and their
counterparts in the image are a, b, c and d. The vanishing
points corresponding to three orthogonal directions in world
are given by vp1, vp2, and vp3.

1. Lines ab and cd should be colinear with one of the van-
ishing points, say vp1,

2. Lines ad and bc should be colinear with the second
vanishing point, vp2, and,

3. The third vanishing point, vp3, should lie inside the
quadrilateral abcd.

To generate the candidate box layouts, we choose vp1 and
vp2 as the two farthest vanishing points (see Fig. 4) and
draw pairs of rays from these points on either side of vp3.
The intersections of these rays define the corners of the mid-
dle wall, a − d in the image. The rest of the face polygons
are generated by connecting points a − d to vp3. When
fewer than 5 faces are visible, the corners will lie outside
of the image, handled by a single dummy ray not passing
through the image. An example box layout is overlaid in
red in Fig. 4. In our experiments, we use 10 evenly spaced
rays per vanishing point to generate the different candidate
layouts for an image.

Line segments in Fk 

Line seg. belong to the two vanishing points of Fk 



WHERE IS GC? 
Use Geometric context to label pixel with label: “left wall”, 
“right wall”, “middle wall”, “ceiling”, “floor”, and “object”. 

Reduce the weight of line segments in “object” region 

Figure 6. Qualitative test results for our spatial layout estimation. We show an even sampling from least to highest pixel error (left-to-right,
top-to-bottom). For each image, original image with detected lines is shown in the top row, the detected surface labels in the middle row,
and estimated box layout in the bottom row. Lines corresponding to the three vanishing points are shown with red, green and blue color
and the outliers are shown in cyan. Each surface label is shown in different color (floor=green; left wall=red; middle wall=yellow; right
wall=cyan; ceiling=blue; objects=pink) and the saturation of color is varied according to the confidence of that surface label. The box
layout is shown with red lines. Notice that due to the accuracy of estimated vanishing points, most of the images have nearly all correct
line-memberships. The estimates of box rotation suffer if large number lines features are not aligned in room directions (6th row, 4th
column and 6th row, 5th column). The line membership features are not effective if the available line support in any particular direction is
small (6th row, 2nd column). Note that these are the cases which account for highest pixel errors. Best viewed in color.

last row). Considering this, we believe that the improve-
ment achieved in Tables 1, 2, 3 can make a significant differ-
ence when the layout is used to help understand the scene.

5.3. Free space estimation
We demonstrate the application of our estimated spatial

layouts towards recovering the free space inside a room.
As shown in Fig. 8, the surface labels provide object confi-
dences at each pixel in the image which can be thresholded
to localize object pixels. We need to find the 3D location
of these object pixels to recover free space. The location of

the vanishing points provides camera calibration and a 3D
reconstruction of the box up to a scale [7, 20]. To obtain an
absolute estimate of free space, we assume that the camera
is 4.5 feet above the floor (at about chest height), giving a
complete projection matrix; alternative possible sources of
information include the tendency of beds, tables and other
objects to be at fairly regular heights [8].

Using this projection matrix, we determine the visual
hull corresponding to object pixels. Assuming that the ob-
jects are supported by floor and are cuboid shaped, the foot-
print provides us with a vertical hull for the object. To esti-



PROBLEM 
Room layout hypotheses are sampled uniformly, 
which cannot guarantee global (or even local) 
minimum. 
 
What should we have to get global minimum? 
    1. a quick way of computing feature  

 “Integral Geometry” 
    2. a quick way of searching 

 “Branch and bound” 



INTEGRAL GEOMETRY 

Suppose we have a pixel-wise feature map          , and 

The feature of any box region equals to the sum of features of 
included pixels,                                   

 

Compute feature for M boxes with N pixels would cost O(MN) 

How to compute feature for any box in constant time? O(M)     
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INTEGRAL GEOMETRY 
1.  Compute integral image in O(N) 

2.  Compute feature for box region: 
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BRANCH AND BOUND 
Task: Search for the rectangle give the best score 

Branching. Dividing a space of candidate rectangles into 
subspaces 

Bounding. Pruning subspaces with a highest possible score 
lower than some guaranteed score in other subspaces 
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BRANCH AND BOUND 
To use branch-and-bound for given quality 
function f, we need to define upper bound 
function       
 

Computation of upper bound has to be efficient to make the search efficient. 



BRANCH AND BOUND EXAMPLE: 
DETECTION 

Assume the previous definition of box feature, and all dimension 
of feature are positive. 

We trained a linear SVM 
 

Upper bound function: 

If Rmax the largest rectangle and by Rmin the smallest rectangle 
contained in a parameter region R,  

 

 

B* = argmax
B

ωTF(B)

Figure 1. Representation of rectangle sets by 4 integer intervals.

ject is found, the corresponding region is removed from the
image and the search is restarted until the desired number
of locations have been returned. In contrast to simply con-
tinuing the search after the best location has been identified,
this avoids the need for a non-maximum suppression step as
is usually required in sliding window approaches.

2.2. Bounding the Quality Function

To use ESS for a given quality function f , we require a
function ˆ

f that bounds the values of f over sets of rectan-
gles. Denoting rectangles by R and sets of rectangles by R,
the bound has to fulfill the following two conditions:

i)

ˆ

f(R) � max

R2R
f(R),

ii)

ˆ

f(R) = f(R), if R is the only element in R.

Condition i) ensures that ˆ

f acts as an upper bound to f ,
whereas condition ii) guarantees the optimality of the solu-
tion to which the algorithm converges.

Note that for any f there is a spectrum of possible bounds
ˆ

f . On the one end, one could perform an exhaustive search
to achieve exact equality in (i). On the other end, one could
set ˆ

f to a large constant on everything but single rectangles.
A good bound ˆ

f is located between these extremes, fast to
evaluate but also tight enough to ensure fast convergence.
In the following sections we show how such bounding func-
tions ˆ

f can be constructed for different choices of f .

3. Application I: Localization of non-rigid ob-
jects using a bag of visual words kernel

We begin by demonstrating ESS in the situation of
generic object class localization. We make use of a bag
of visual words (bovw) image representation: for each im-
age in a given set of training images I

1

, . . . , I

N , we extract
local image descriptors such as SIFT [17]. The resulting
descriptors are vector quantized using a K-entry codebook
of visual word prototypes. As result, we obtain keypoint
locations x

i
j with discrete cluster indices c

i
j 2 {1, . . . ,K}.

We represent images or regions within images by their
cluster histograms, i.e. by histograms that count how many

Algorithm 1 Efficient Subwindow Search
Require: image I 2 Rn⇥m

Require: quality bounding function ˆ

f (see text)
Ensure: (t

max
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max
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max
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max

) = argmaxR⇢I f(R)

initialize P as empty priority queue
set [T,B,L,R] = [0, n]⇥ [0, n]⇥ [0, m]⇥ [0, m]

repeat
split [T,B,L,R]! [T

1

, B

1
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1

]
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, R
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]
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],

ˆ

f([T
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push ( [T
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, B
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2
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2

],

ˆ

f([T

2

, B

2

, L

2

, R

2

] ) into P

retrieve top state [T,B,L,R] from P

until [T,B,L,R] consists of only one rectangle
set (t

max

, b

max

, l

max

, r

max

) = [T,B,L,R]

feature points of each cluster index occur. The histograms
of the training images are used to train a support-vector
machine (SVM) [20]. To classify whether a new image I

contains an object or not, we build its cluster histogram h

and decide based on the value of the SVM decision func-
tion. Despite the simplicity, variants of this method have
proven very successful for object classification in recent
years [2, 8, 16, 21, 24].

3.1. Construction of a Quality Bound

To perform localization, we first assume a linear kernel
over the histograms. In its canonical form, the correspond-
ing SVM decision function is f(I) = � +

P
i ↵ihh, h

ii,
where h. , .i denotes the scalar product in RK . h

i are the
histograms of the training examples and ↵i and � are the
weight vectors and bias that were learned during SVM train-
ing. Because of the linearity of the scalar product, we can
rewrite this expression as a sum over per-point contribution
with weights wj =

P
i ↵ih

i
j :

f(I) = � +

Xn

j=1

wcj . (2)

Here cj is the cluster index belonging to the feature point xj

and n is the total number of feature points in I . This form
allows one to evaluate f over subimages R ⇢ I by summing
only over the feature points that lie within R. When we are
only interested in the argmax of f over all R ⇢ I –as in
Equation (1)– we can drop the bias term �.

It is now straightforward to construct a function ˆ

f that
bounds f over sets of rectangles: set f =f

+

+f

�, where f

+

contains only the positive summands of Equation (2) and
f

� only the negative ones. If we denote by R

max

the largest
rectangle and by R

min

the smallest rectangle contained in a
parameter region R, then

ˆ

f(R) := f

+

(R

max

) + f

�
(R

min

) (3)

has the desired properties i) and ii). At the same time, our
parametrization of the rectangle sets allows efficient calcu-

All dimension with positive weight 
f (R) = f +(R)+ f −(R)
f +(Rmax )> f

+(R)
f −(Rmin )> f

−(R)



BACK TO: 
LAYOUT ESTIMATION 

Exactly the same as object detection. 

Feature:  
    1. each pixel: geometric context trained before (all positive). 

    2. each wall: sum of feature of pixel inside 

    3. room layout: concatenation of feature of all walls 

Feature of a region: integral image 
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(a) Parameterization of the problem.

A·,{1,3}(x, y1, y3)

A·,{2,3}(x, y2, y3)
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(b) Integral geometry for the left-wall. (c) Using accumulators for faces.
Figure 2. Our problem formulation in terms of four random variables yi is illustrated in (a). Decomposing the third order potential for
↵ = left-wall into two shaded second order potentials is shown in (b). A schematic on how “integral geometry” uses accumulators A is
given in (c).

ditional random fields (CRFs) as special cases. Inference is
done via message-passing.

We evaluate our approach on the main two bench-
marks [8, 9] that exist for this task. As shown in our experi-
ments our approach results in significantly better prediction
than the state-of-the-art, while being orders of magnitude
faster. We are able to perform learning using 50

4 possible
labelings in only a few minutes. Moreover, given the po-
tentials, inference over the same hypothesis space (i.e., 504
labels) takes 0.15 seconds on average. Although we demon-
strate our approach in the problem of predicting the layout
of indoor scenes, our integral geometry decomposition is
general, and can be applied to other geometric problems
such as 3D outdoor scene understanding.

2. Related Work

Over the past few years many approaches have been
developed to tackle the problem of semantic scene under-
standing. The mathematical tools as well as the image fea-
tures employed by these approaches vary in terms of the
particular problem they address. In this section we provide
a brief description of the methods employed in the litera-
ture.

Most approaches to semantic scene understanding from
a single image in outdoor scenarios are qualitative, produc-
ing rough 3D in the form of pop-ups [12, 19] as well as 3D
image parses that represent the world in terms of blocks [5].
Tretyak et al. [23] model the scene as a composition of ge-
ometric primitives spanning different layers from low level
(edges) over mid-level (line segments, lines and vanishing
points) to high level (zenith and horizon). When multiple
images in the form of monocular and stereo video sequences
are available, quantitative parsings of the road layout and
the visible 3D dynamical objects can be constructed by em-
ploying generative models of the scene and making use of
static and dynamic information [3, 4]. In [1] uncalibrated
images where employed to detect objects and to recover the
geometry of the scene.

The indoor scenario is more constraint and existing ap-
proaches typically rely on vanishing point detection and the

Manhattan world properties of man-made indoor scenes.
One of the most popular problems in the indoor setting is
prediction of the room layout given a single image. The
layout is commonly represented in terms of the spatial con-
figuration of the faces of a rectangular 3D cuboid, (i.e., left,
front and right wall as well as floor and ceiling). This prob-
lem is complex, as typical scenes contain objects that partly
occlude the walls. The first approach to this problem was
developed by [27], where the task is addressed via group-
ing, i.e., edges are grouped into lines, quadrilaterals, and
finally depth-ordered planes.

Most recent approaches [8, 15, 26], however, model the
problem as inference in a conditional random field (CRF)
and learn the parameters using structured SVMs [24]. How-
ever, they either only consider a small set of candidate lay-
out boxes, or employ high order potentials which require a
very coarse discretization of the space to be computation-
ally tractable. In contrast, in this paper we show that the
potentials frequently employed in the literature can be de-
composed into sums of pairwise potentials by utilizing the
new concept of integral geometry. As a consequence learn-
ing and inference is orders of magnitude faster and higher
number of states are possible, resulting in more accurate
prediction.

Del Pero et al. [18] proposed a generative model for
the layout. As this model is fairly high dimensional and
does not exploit recently developed discriminative image
features [11, 16], it results in poor performance when com-
pared to structured prediction approaches.

In [2, 16] a model dealing with more general lay-
outs is considered. [2] addresses scene understanding in
the context of a moving camera by combining geomet-
ric and photometric cues, i.e., stereo photo-consistency,
depth cues from structure-from-motion and monocular fea-
tures. [17] develops order-preserving moves that outper-
form ↵-expansion when encoding prior knowledge about
the problem, e.g., the ceiling should be above the floor.
Similar to [10], they train a support vector machine using
a large set of features (statistics on location, color, geome-
try, texture and edges) and demonstrate their optimization
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(a) Front Wall. (b) Minimal left wall. (c) Maximal left wall.

Fig. 2. (a) illustrates the max and min of the front wall in red and black respectively.
(b) magenta colors the minimally possible left wall within the set of layouts bounded
from below and above by the black and red rays. (c) provides the maximal left wall.

The model parameters w commonly referred to as weights can be obtained
with structured prediction learning algorithms such as structured SVMs [27,
28], conditional random fields [29] or approximate structured prediction [30].

Following Lee et al . [7], we employ geometric context (GC) [6] and orienta-
tion maps (OMs) [11] as image information from which we construct the feature
vector �(x, y). For a subset of the pixels, orientation maps provide a label cor-
responding to one of the five faces of the 3D cuboid that is potentially visible in
the image, i.e., F = {left-wall , right-wall , ceiling ,floor , front-wall}. Geometric
context [6], on the other hand, provides for every pixel the probability that this
pixel belongs to each surface label including objects in addition to the five labels
in F . Given these image features, potentials are constructed by counting for each
face each feature type. We thus define �(x, y) as a sum of potentials
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where the subscripts o and g denote OM and GC features respectively. Note
that the vectors w

o,↵

and w

g,↵

consist of 5 elements w

o,↵,i

with i 2 {1, . . . , 5}
for each face ↵ 2 F in the case of orientation maps and 6 elements w

g,↵,i

with
i 2 {1, . . . , 6} per face ↵ 2 F for geometric context.

We now describe how branch and bound is employed for our problem. We
start with a trivial set (i.e., all possible layouts Y), and at any given branch and
bound iteration we have a priority queue where the considered sets are ordered
in terms of a quality bound function which upper bounds the maximum score
that any layout member of that set can possibly achieve. The best candidate
Ŷ of the layout sets within the queue is considered. If it is a single layout, i.e.,
|Ŷ| = 1 and consequently ŷ = Ŷ we have obtained the optimum. If it is a set of
layouts, we split the set into two disjoint candidate sets Ŷ1 and Ŷ2. New bounds
for those two sets are computed and denoted by f̄(Ŷ

i

) with i 2 {1, 2}, and both
candidate sets are included into the priority queue. As the bound is more tight
(smaller sets), it may be that none of these candidates will be on top of the
priority queue. The algorithm terminates when a single hypothesis is returned,
and such hypothesis is guaranteed to be the optimum. The beauty of branch and
bound is that it does not explore regions which are not promising, allowing for
e�cient exact inference. We refer the reader to Alg. 1 for a schematic illustration.
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Fig. 3. Computing the content of the gray shaded area can be e�ciently done in
constant time using integral geometry and adding the cell contents laying to the top
left of the red dotted corners while subtracting the content within the cells located to
the top left of the blue dotted intersections.

In order to apply branch and bound to our problem, we have to define a
parameterization of the sets Ŷ as well as a bound f̄(·) for the function of interest
being w

T

�(x, y). We parameterize the set of hypothesis in terms of intervals
of candidate 2D ray intersections. Let Ŷ = {Y1 · Y2 · Y3 · Y4} denote a set of
candidate layouts defined by the product space of intervals Y

i

= [y
i,low

, y

i,up

].
Note that unlike [25], these intervals are not axis aligned, but in accordance with
the vanishing points. This is illustrated for an arbitrary Ŷ in Fig. 2(a) where the
black rays indicate the smallest y

i

in the interval, i.e., y
i,low

, and the red rays
are drawn according to the biggest y

i

in the intervals, i.e., y
i,up

.
We still have to derive bounds f̄ for the original scoring function w

T

�(x, y).
In order for branch and bound to recover the exact solution, we need our bounds
to satisfy the following two properties:

1. The bound of the interval Ŷ has to upper-bound the true cost of each hy-
pothesis y 2 Ŷ, i.e., 8y 2 Ŷ, f̄(Ŷ) � w

T

�(x, y).
2. The bound has to be exact for every single hypothesis, i.e., 8y 2 Y, f̄(y) =

w

T

�(x, y).

Going back to our problem, as our features �

i,↵,r

(x, y
↵

) are always positive
(i.e., they represent counts), we can split the potentials in Eq. (2) into those
with strictly positive weights and those with weights less or equal to zero as
follows
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We can thus collapse these potentials into two functions, one that is strictly
positive and one that is zero or negative by defining
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Inference is hence equivalently stated via the problem

ŷ = argmax
y2Y

f

+(x, y) + f

�(x, y), (3)
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Abstract

We propose a novel linear method to match cuboids in
indoor scenes using RGBD images from Kinect. Beyond
depth maps, these cuboids reveal important structures of a
scene. Instead of directly fitting cuboids to 3D data, we
first construct cuboid candidates using superpixel pairs on
a RGBD image, and then we optimize the configuration
of the cuboids to satisfy the global structure constraints.
The optimal configuration has low local matching costs,
small object intersection and occlusion, and the cuboids
tend to project to a large region in the image; the number
of cuboids is optimized simultaneously. We formulate the
multiple cuboid matching problem as a mixed integer linear
program and solve the optimization efficiently with a branch
and bound method. The optimization guarantees the global
optimal solution. Our experiments on the Kinect RGBD im-
ages of a variety of indoor scenes show that our proposed
method is efficient, accurate and robust against object ap-
pearance variations, occlusions and strong clutter.

1. Introduction
Finding three-dimensional structures and shapes from

images is a key task in computer vision. Nowadays, we can
obtain reliable depth map using low cost RGBD cameras
from the digital consumer market, e.g. Microsoft Kinect,
Asus Xtion and Primesense. Just like digital cameras that
capture raw RGB data, these devices capture raw depth
maps along with RGB color images. RGBD images pro-
vide a pointwise representation of a 3D space. We would
like to extract structures from such data.

Recently, there are a few heroic efforts in extracting
structures in RGBD images, e.g. [14, 13]. However, most
of these approaches group pixels into surface segments, i.e.
the counterpart of image segmentation for RGB images. Al-
though some noteworthy studies [10] infer support relations
in scenes, there is still very little volumetric reasoning used
in the 3D space, which should be even more important as the
depth is available, than pure image information with which
volumetric reasoning is well studied [12, 6, 15, 3, 2].

(a) (b)

(c) (d)
Figure 1. Given a color image and depth map we match cuboid-
shaped objects in the scene. (a) and (b): The color image and
aligned depth map from Kinect. (c): The cuboids detected by
the proposed method and projected onto the color image. (d):
The cuboids in the scene viewed from another perspective. These
cuboids reveal important structures of the scene.

In this paper, we design an efficient algorithm to match
cuboid structures in an indoor scene using the RGBD im-
ages, as illustrated in Fig. 1. A cuboid detector has many
important applications. It is a key technique to enable a
robot to manipulate box objects [5]. Cuboids also often ap-
pear in man-made structures [15]. A cuboid detector thus
facilitates finding these structures. Detecting cuboids from
RGBD images is challenging due to heavy object occlusion,
missing data and strong clutter. We propose an efficient and
reliable linear method to make a first step towards solving
this problem.

Even though matching planes, spheres, cylinders and
cones in point clouds has been intensively studied [4], there
have been few methods that are able to match multiple
cuboids simultaneously in 3D data. RANSAC has been
combined with extra constraints to reconstruct geometrical
primitives on industry parts from relatively clean range data
[1]; this method assumes perfect geometric primitives. To

A Linear Approach to Matching Cuboids in RGBD Images

Hao Jiang
Boston College

hjiang@cs.bc.edu

Jianxiong Xiao
Massachusetts Institute of Technology

jxiao@csail.mit.edu

Abstract

We propose a novel linear method to match cuboids in
indoor scenes using RGBD images from Kinect. Beyond
depth maps, these cuboids reveal important structures of a
scene. Instead of directly fitting cuboids to 3D data, we
first construct cuboid candidates using superpixel pairs on
a RGBD image, and then we optimize the configuration
of the cuboids to satisfy the global structure constraints.
The optimal configuration has low local matching costs,
small object intersection and occlusion, and the cuboids
tend to project to a large region in the image; the number
of cuboids is optimized simultaneously. We formulate the
multiple cuboid matching problem as a mixed integer linear
program and solve the optimization efficiently with a branch
and bound method. The optimization guarantees the global
optimal solution. Our experiments on the Kinect RGBD im-
ages of a variety of indoor scenes show that our proposed
method is efficient, accurate and robust against object ap-
pearance variations, occlusions and strong clutter.

1. Introduction
Finding three-dimensional structures and shapes from

images is a key task in computer vision. Nowadays, we can
obtain reliable depth map using low cost RGBD cameras
from the digital consumer market, e.g. Microsoft Kinect,
Asus Xtion and Primesense. Just like digital cameras that
capture raw RGB data, these devices capture raw depth
maps along with RGB color images. RGBD images pro-
vide a pointwise representation of a 3D space. We would
like to extract structures from such data.

Recently, there are a few heroic efforts in extracting
structures in RGBD images, e.g. [14, 13]. However, most
of these approaches group pixels into surface segments, i.e.
the counterpart of image segmentation for RGB images. Al-
though some noteworthy studies [10] infer support relations
in scenes, there is still very little volumetric reasoning used
in the 3D space, which should be even more important as the
depth is available, than pure image information with which
volumetric reasoning is well studied [12, 6, 15, 3, 2].

(a) (b)

(c) (d)
Figure 1. Given a color image and depth map we match cuboid-
shaped objects in the scene. (a) and (b): The color image and
aligned depth map from Kinect. (c): The cuboids detected by
the proposed method and projected onto the color image. (d):
The cuboids in the scene viewed from another perspective. These
cuboids reveal important structures of the scene.

In this paper, we design an efficient algorithm to match
cuboid structures in an indoor scene using the RGBD im-
ages, as illustrated in Fig. 1. A cuboid detector has many
important applications. It is a key technique to enable a
robot to manipulate box objects [5]. Cuboids also often ap-
pear in man-made structures [15]. A cuboid detector thus
facilitates finding these structures. Detecting cuboids from
RGBD images is challenging due to heavy object occlusion,
missing data and strong clutter. We propose an efficient and
reliable linear method to make a first step towards solving
this problem.

Even though matching planes, spheres, cylinders and
cones in point clouds has been intensively studied [4], there
have been few methods that are able to match multiple
cuboids simultaneously in 3D data. RANSAC has been
combined with extra constraints to reconstruct geometrical
primitives on industry parts from relatively clean range data
[1]; this method assumes perfect geometric primitives. To

A Linear Approach to Matching Cuboids in RGBD Images

Hao Jiang
Boston College

hjiang@cs.bc.edu

Jianxiong Xiao
Massachusetts Institute of Technology

jxiao@csail.mit.edu

Abstract

We propose a novel linear method to match cuboids in
indoor scenes using RGBD images from Kinect. Beyond
depth maps, these cuboids reveal important structures of a
scene. Instead of directly fitting cuboids to 3D data, we
first construct cuboid candidates using superpixel pairs on
a RGBD image, and then we optimize the configuration
of the cuboids to satisfy the global structure constraints.
The optimal configuration has low local matching costs,
small object intersection and occlusion, and the cuboids
tend to project to a large region in the image; the number
of cuboids is optimized simultaneously. We formulate the
multiple cuboid matching problem as a mixed integer linear
program and solve the optimization efficiently with a branch
and bound method. The optimization guarantees the global
optimal solution. Our experiments on the Kinect RGBD im-
ages of a variety of indoor scenes show that our proposed
method is efficient, accurate and robust against object ap-
pearance variations, occlusions and strong clutter.

1. Introduction
Finding three-dimensional structures and shapes from

images is a key task in computer vision. Nowadays, we can
obtain reliable depth map using low cost RGBD cameras
from the digital consumer market, e.g. Microsoft Kinect,
Asus Xtion and Primesense. Just like digital cameras that
capture raw RGB data, these devices capture raw depth
maps along with RGB color images. RGBD images pro-
vide a pointwise representation of a 3D space. We would
like to extract structures from such data.

Recently, there are a few heroic efforts in extracting
structures in RGBD images, e.g. [14, 13]. However, most
of these approaches group pixels into surface segments, i.e.
the counterpart of image segmentation for RGB images. Al-
though some noteworthy studies [10] infer support relations
in scenes, there is still very little volumetric reasoning used
in the 3D space, which should be even more important as the
depth is available, than pure image information with which
volumetric reasoning is well studied [12, 6, 15, 3, 2].

(a) (b)

(c) (d)
Figure 1. Given a color image and depth map we match cuboid-
shaped objects in the scene. (a) and (b): The color image and
aligned depth map from Kinect. (c): The cuboids detected by
the proposed method and projected onto the color image. (d):
The cuboids in the scene viewed from another perspective. These
cuboids reveal important structures of the scene.

In this paper, we design an efficient algorithm to match
cuboid structures in an indoor scene using the RGBD im-
ages, as illustrated in Fig. 1. A cuboid detector has many
important applications. It is a key technique to enable a
robot to manipulate box objects [5]. Cuboids also often ap-
pear in man-made structures [15]. A cuboid detector thus
facilitates finding these structures. Detecting cuboids from
RGBD images is challenging due to heavy object occlusion,
missing data and strong clutter. We propose an efficient and
reliable linear method to make a first step towards solving
this problem.

Even though matching planes, spheres, cylinders and
cones in point clouds has been intensively studied [4], there
have been few methods that are able to match multiple
cuboids simultaneously in 3D data. RANSAC has been
combined with extra constraints to reconstruct geometrical
primitives on industry parts from relatively clean range data
[1]; this method assumes perfect geometric primitives. To



CUBOID MATCHING IN RGBD 
IMAGE 
Fit cuboid directly from image & 3D information 

ï1.5ï1ï0.500.511.5

ï0.5

0

0.5

1

1.5

x

y

1

1.2

1.4

0
0.1

0.2

ï2.7

ï2.6

ï2.5

ï2.4

ï2.3

xy

z

1.2

1.4

1.6

0.2
0.3

0.4
0.5

ï3

ï2.9

ï2.8

ï2.7

ï2.6

xy

z

0.2
0.3

0.4
0.1

0.2
0.3

0.4
0.5

ï2

ï1.9

ï1.8

ï1.7

ï1.6

x
y

z

ï0.2

0

0.2

ï0.05
0

0.05
0.1

ï2

ï1.9

ï1.8

ï1.7

ï1.6

xy

z

ï0.8
ï0.7

ï0.6

ï0.4

ï0.2

0

ï2.4

ï2.3

ï2.2

ï2.1

ï2

ï1.9

ï1.8

xy

z

ï0.8

ï0.6

ï0.4

0
0.1

0.2

ï2.2

ï2.1

ï2

ï1.9

ï1.8

xy

z

ï0.7
ï0.6

ï0.5
ï0.4

ï0.3

0.4
0.5

0.6
0.7

0.8

ï2.8

ï2.7

ï2.6

ï2.5

ï2.4

xy

z

ï2.9
ï2.8

ï2.7
ï2.6

ï2.5

ï0.2

ï0.1

0

0.1

0.55

0.6

xy

z

0.6
0.7

0.8
ï0.2

ï0.1
0

0.1

ï3.2

ï3.1

ï3

ï2.9

x
y

z

ï0.7

ï0.6

ï0.5

ï0.4

1.3

1.4

1.5

1.6

ï1.08
ï1.06
ï1.04

x
y

z

ï1.6
ï1.5

ï1.4
ï1.3

0.7

0.8

0.9

1

ï0.54
ï0.52
ï0.5
ï0.48
ï0.46

xy

z

0.4

0.6

0.750.80.850.90.95

ï2.2

ï2.1

ï2

ï1.9

ï1.8

ï1.7

xy

z

1.2
1.3

1.4
1.5

1.6

ï0.4

ï0.3

1.45

1.5

1.55

1.6

1.65

1.7

x
y

z

0.6
0.7

0.8
0.9

ï0.2

ï0.1

0

0.1

2.5

2.55

2.6

2.65

2.7

xy

z

Figure 2. Row 1: From left to right are the color image, normal
image with the three channels containing the x, y and z compo-
nents, the superpixels by using both the color and normal images,
and the superpixels by using the normal image only. The two su-
perpixel maps are extracted with fixed parameters in this paper.
Row 2: Left shows the cuboids constructed using neighboring pla-
nar patches and projected on the image; right shows the top 200
cuboid candidates. Row 3: 3D view of the cuboids in the color
image in row 2. The red and blue dots are the points from the
neighboring surface patches. Row 4: The normalized poses of
these cuboids with three edges parallel to the xyz axises.

With both color and surface normal images, we partition the
depth map into roughly piecewise planar patches. As shown
in row one of Fig. 2, we also use the superpixels from the
normal image itself; this helps find textured planar patches.

Constructing cuboids: We use each pair of neighbor-
ing 3D surface patches to construct a cuboid candidate. We
define that two surface patches are neighbors if their corre-
sponding superpixels in the color or normal image have a
distance less than a small threshold, e.g. 20 pixels. The dis-
tance of two superpixels is defined as the shortest distance
between their boundaries. To remove outliers, we fit a plane
to each 3D patch by RANSAC. In the following process, we
use only the inlier points.

We are ready to construct cuboid candidates from pairs
of patches. We select one of the two neighboring patches
and rotate the 3D points in them so that the normal vector
of the chosen one is aligned with the z axis. We then rotate
the 3D points again so that the projected normal vector of
the second 3D patch on the xy plane is aligned with y axis.
We then find two rectangles parallel to the xy and xz plane
to fit the points on the two 3D patches. The sizes of the two
rectangles can be obtained by finding the truncated bound-
aries of the point histograms in each axis direction. For the
first plane the z coordinate is the mean z of the points in the

3D patch, and for the second plane its y is the mean y of the
points.

The cuboid is the smallest one that encloses both of the
rectangles as shown in Fig. 2 and Fig. 4 (a). Fig. 2 rows 2-4
illustrate some of the cuboids reconstructed from neighbor-
ing superpixels. We change the red and blue channels of
the color image to show the neighboring superpixels. The
projection of these cuboids in Fig. 2 row 2 shows that the
3D cuboid estimation is accurate. Each candidate cuboid is
represented by the lower and upper bounds of x, y and z co-
ordinates in the normalized pose and a matrix T that trans-
forms the cuboid back to the original pose. We also keep
the inverse of T as F . Such a representation facilitates the
computation of cuboid space occupancy and intersection.

Local matching costs: The quality of the matching of a
cuboid to the 3D data is determined by three factors.

The first factor is the coverage area of the points in the
two contact cuboid faces. To simplify the computation, the
coverage area of the surface points on a cuboid face is deter-
mined by the tightest bounding box as shown in Fig. 4 (a).
We compute the ratio r of the bounding box area to the area
of the corresponding cuboid face. The smaller one of the
two ratios are used to quantify the cuboid local matching.
A perfect cuboid matching has the ratio r of 1.

The second factor is the solidness. We require that
cuboids should mostly be behind the 3D scene surface. To
measure the solidness of cuboids, as shown in Fig. 3 (a), we
quantize the space into voxels, whose centers are located on
the rays starting from the origin point and passing through
each image pixel. The space of interest is bounded in 1 to 10
meters from the camera. In the bounded space, 200 points
are uniformly selected along each ray. The points behind
the scene surface have z coordinates less than the surface
z coordinates. To compute the solidness of cuboid i, we
transform the points using the cuboid matrix Fi defined be-
fore to bring the cuboid to the normalized position. We do
not need to transform all the points but only the points in-
side the bounding box of the cuboid in the original pose;
other points are irrelevant. The solidness is approximated
by ns/na, where ns is the number of solid space points
in the cuboid and na is the number of all the transformed
points falling in the cuboid. We keep only the cuboid can-
didates whose solidness is greater than 0.5.

The third factor is the cuboid boundary matching cost.
When we project each cuboid candidate to the target image,
the candidate’s projection silhouette should match the im-
age edges. We find the average distance between the projec-
tion silhouette boundary and the edge pixels, which can be
computed efficiently using the distance transform of the im-
age edge map. We keep only the cuboid candidates whose
silhouettes to edge average distance is less than 10 pixels.

We choose the top M cuboids ranked by the surface
matching ratio r with the solidness and average boundary
error in specific ranges, e.g., solidness greater than 0.5 and
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Figure 2. Row 1: From left to right are the color image, normal
image with the three channels containing the x, y and z compo-
nents, the superpixels by using both the color and normal images,
and the superpixels by using the normal image only. The two su-
perpixel maps are extracted with fixed parameters in this paper.
Row 2: Left shows the cuboids constructed using neighboring pla-
nar patches and projected on the image; right shows the top 200
cuboid candidates. Row 3: 3D view of the cuboids in the color
image in row 2. The red and blue dots are the points from the
neighboring surface patches. Row 4: The normalized poses of
these cuboids with three edges parallel to the xyz axises.

With both color and surface normal images, we partition the
depth map into roughly piecewise planar patches. As shown
in row one of Fig. 2, we also use the superpixels from the
normal image itself; this helps find textured planar patches.

Constructing cuboids: We use each pair of neighbor-
ing 3D surface patches to construct a cuboid candidate. We
define that two surface patches are neighbors if their corre-
sponding superpixels in the color or normal image have a
distance less than a small threshold, e.g. 20 pixels. The dis-
tance of two superpixels is defined as the shortest distance
between their boundaries. To remove outliers, we fit a plane
to each 3D patch by RANSAC. In the following process, we
use only the inlier points.

We are ready to construct cuboid candidates from pairs
of patches. We select one of the two neighboring patches
and rotate the 3D points in them so that the normal vector
of the chosen one is aligned with the z axis. We then rotate
the 3D points again so that the projected normal vector of
the second 3D patch on the xy plane is aligned with y axis.
We then find two rectangles parallel to the xy and xz plane
to fit the points on the two 3D patches. The sizes of the two
rectangles can be obtained by finding the truncated bound-
aries of the point histograms in each axis direction. For the
first plane the z coordinate is the mean z of the points in the

3D patch, and for the second plane its y is the mean y of the
points.

The cuboid is the smallest one that encloses both of the
rectangles as shown in Fig. 2 and Fig. 4 (a). Fig. 2 rows 2-4
illustrate some of the cuboids reconstructed from neighbor-
ing superpixels. We change the red and blue channels of
the color image to show the neighboring superpixels. The
projection of these cuboids in Fig. 2 row 2 shows that the
3D cuboid estimation is accurate. Each candidate cuboid is
represented by the lower and upper bounds of x, y and z co-
ordinates in the normalized pose and a matrix T that trans-
forms the cuboid back to the original pose. We also keep
the inverse of T as F . Such a representation facilitates the
computation of cuboid space occupancy and intersection.

Local matching costs: The quality of the matching of a
cuboid to the 3D data is determined by three factors.

The first factor is the coverage area of the points in the
two contact cuboid faces. To simplify the computation, the
coverage area of the surface points on a cuboid face is deter-
mined by the tightest bounding box as shown in Fig. 4 (a).
We compute the ratio r of the bounding box area to the area
of the corresponding cuboid face. The smaller one of the
two ratios are used to quantify the cuboid local matching.
A perfect cuboid matching has the ratio r of 1.

The second factor is the solidness. We require that
cuboids should mostly be behind the 3D scene surface. To
measure the solidness of cuboids, as shown in Fig. 3 (a), we
quantize the space into voxels, whose centers are located on
the rays starting from the origin point and passing through
each image pixel. The space of interest is bounded in 1 to 10
meters from the camera. In the bounded space, 200 points
are uniformly selected along each ray. The points behind
the scene surface have z coordinates less than the surface
z coordinates. To compute the solidness of cuboid i, we
transform the points using the cuboid matrix Fi defined be-
fore to bring the cuboid to the normalized position. We do
not need to transform all the points but only the points in-
side the bounding box of the cuboid in the original pose;
other points are irrelevant. The solidness is approximated
by ns/na, where ns is the number of solid space points
in the cuboid and na is the number of all the transformed
points falling in the cuboid. We keep only the cuboid can-
didates whose solidness is greater than 0.5.

The third factor is the cuboid boundary matching cost.
When we project each cuboid candidate to the target image,
the candidate’s projection silhouette should match the im-
age edges. We find the average distance between the projec-
tion silhouette boundary and the edge pixels, which can be
computed efficiently using the distance transform of the im-
age edge map. We keep only the cuboid candidates whose
silhouettes to edge average distance is less than 10 pixels.

We choose the top M cuboids ranked by the surface
matching ratio r with the solidness and average boundary
error in specific ranges, e.g., solidness greater than 0.5 and

How to find those correct ones? 

Minimizing error will give trivial 
empty solution.  



CUBOID MATCHING IN RGBD 
IMAGE 
Context information for regularization: 

    1. surface coverage 
 the fitted cuboids should cover a large region. 

    2. volume exclusion 

 two cuboids shall not intersect, or the intersection 
 should be minimized. 

    3. occlusion constraints 

 a cuboid shall not be fully occluded by others 
    4. small # of cuboids 
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Figure 5. Top 200 cuboid candidates and the cuboids matched by
the proposed method and projected on the color images.

Figure 6. Sample cuboid matching results with the proposed
method on our captured data.

Figure 7. Comparison with 2D cuboid detection method [15]. The
proposed method’s result (Row 1) is more reliable than the result
from 2D images only (Row 2).

3. Experiments
3.1. Qualitative evaluation

Fig. 5 shows two examples of the cuboid matching re-
sults from the proposed method. More results on our cap-
tured data are shown in Fig. 6. We further apply the pro-
posed method to finding cuboids in the 1449 RGBD images
from the NYU Kinect dataset [10]. Sample results of the
proposed method on the NYU dataset are shown in Fig. 9.
Comparing with a method [15] that uses only color im-
ages for cuboid detection, as shown in Fig. 7, the proposed
method gives more reliable results. The proposed method
is able to handle concave objects, objects with or without
texture, large objects such as tables and small ones such as
books. It works well on cluttered scenes.

3.2. Quantitative evaluation
We compare the proposed method with its variation and

competing methods using the NYU dataset. We labeled 215
images from the 1449 images. These images are from dif-
ferent scene categories. Sample images with the ground
truth projection overlaid are shown in Fig. 8. We extract

Figure 8. Sample images with ground truth cuboid labeling. The
saliency of the labeled cuboids are denoted by the color: the
warmer the color, the more salient the object is. There are 215
ground truth images and totally 476 labeled 3D cuboids.

the 3D corner coordinates of the cuboids in images using a
semi-automatic method. We choose two vertical planes of
a cuboid by marking the regions on the color image. The
two-plane cuboid reconstruction method is used to extract
the 8 corner coordinates of the cuboid. Note that we do not
need to mark a complete rectangular region in each cuboid
face. Instead, we just need a patch that extends to the face’s
width and height. The two-plane method reconstructs the
cuboid automatically. Such a process sometimes needs to
iterate for a few times to obtain a satisfactory 3D labeling.
During the labeling, we also specify the sequence of the
saliency of labeled cuboids. The object with label one is the
most salient and usually it is the biggest cuboid object in
the scene. Ties of saliency are broken randomly. Note that
even though ground truth 2D segmentations are available
for the NYU Kinect dataset, they cannot be used directly
for the evaluation because our task is to match cuboids in
the images.

Comparison with greedy method: We compare the
proposed method with a greedy method that chooses the
top 20 cuboids with the smallest local matching costs. Our
method detects less than 20 objects and 6 on average per
image in the ground truth test. To evaluate the matching
performance, we compute the average corner distance from
each ground truth cuboid to all the detections and find the
minimum distance. There is no predefined order for the
8 corners; we use bipartite matching to compute the best
matching configuration for each pair of cuboids. We further
normalize the average distance by the longest diagonal of
the ground truth cuboid. We use the detection rate curve to
quantify the performance. The curves are shown in Fig. 10,
which illustrate the detection rate for top saliency, top two,
top three and top ten objects in each image. The proposed
method has much higher detection rate than the greedy ap-
proach. Local matching costs themselves are not reliable.
We need to globally optimize all the cuboid matching to-
gether to achieve a reliable result.

Comparison with local search method [5] and
MCMC [16]: These local search methods need to initialize
the cuboid location, size and orientation. We randomly ini-
tialize these parameters. For each test image, we detect 50
cuboids with these competing methods. Color is not used by
these methods. As shown in Fig. 10, the proposed method
has much higher detection rate than these local methods.
The complexity of the proposed method is also lower than
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CONTEXT MODEL: MIXED IP 
Branch and Bound: 

    1. Fix one xi to be 0 or 1 
    2. Lower bound function 

[ x1 x2 x3 x4 ]

[ x1 0 x3 x4 ] [ x1 1 x3 x4 ]

[ x1 0 0 x4 ] [ x1 0 1 x4 ]

f̂ (X) =mincT x,
s.t.Ax < b,
xi ∈ {0,1}, i ∈ Iz,
xm = 0,m ∈ I0, xn =1,n ∈ I1,
Typical linear programming 
Call MATLAB 

f ([ 1 0 0 1 ]) = 0.5

f̂ ([ x1 1 x3 x4 ]) = 0.7

Do NOT need to check any solution in 

[ x1 1 x3 x4 ]

✗ 

x* = argmin
x

cT x,

s.t.Ax ≤ b, xi ∈ {0,1}, i ∈ Iz

f (X) =mincT x,
s.t.Ax < b,
xi ∈ {0,1}, i ∈ Iz,
xm = 0,m ∈ I0, xn =1,n ∈ I1,
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