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Abstract

Humans have an amazing ability to instantly grasp the
overall 3D structure of a scene — ground orientation, rela-
tive positions of major landmarks, etc — even from a single
image. This ability is completely missing in most popular |
recognition algorithms, which pretend that the world is flat
and/or view it through a patch-sized peephole. Yet it seems
very likely that having a grasp of this “surface layout” of a
scene should be of great assistance for many tasks, includ
ing recognition, navigation, and novel view synthesis.

In this paper, we take the first step towards construct-
ing the surface layout, a labeling of the image igeomet-
ric classes. Our main insight is to learn appearance-based
models of these geometric classes, which coarsely describi PR . .
the 3D scene orientation of each image region. Our mul- gure 1. The streets of Beijing. Scene understanding requires

tiol tation f K id bust tial knowledge of the spatial layout, content, setting, and situation of
Ipie segmentation framework provides robust spatial SUp-yne geene. In this paper, we take the first steps by estimating the

port, allowing a wide variety of cues (e.g., color, texture, qyface layout of the scene, coarsely labeling the major surfaces.
and perspective) to contribute to the confidence in each geo-

metric label. In experiments on a large set of outdoor im-

ages, we evaluate the impact of the individual cues and de-fortunately, the answer today is largely no.

sign choices in our algorithm. We further demonstrate the  Alas, this information, while trivial for us with but a
applicability of our method to indoor images, describe po- quick glance at the photograph, is largely beyond today’s
tential applications, and discuss extensions to a more com-computer vision algorithms. If we want to bring machine
plete notion of surface layout. vision capabilities closer to those of a human, we need to
connect the various pieces of information in the image and
globally reason about the scene and its contents.

In this paper, we address a small but important compo-
nent of the scene understanding problem. Our goal is to
Consider the photograph on Figure 1. Modern computer recover the rougburface layoudf a scene, a sort of theater
vision techniques could be used to recover a lot of useful stage representation of the major surfaces and their relation-
information about the image: detect people’s faces, find bi- ships to each other. Having such a representation would

cycles and cars, perform optical character recognition, findthen allow each object to be physically “placed” within the
shadows and recover illuminant direction, segment the im-frame and permit reasoning between the different objects
age based on color, texture, or contours, and much muchand their 3D environment.

more. Yet, does the computer actuallyderstandhe scene We take the first steps toward constructing this surface
depicted in the photograph? Can it reason about 3D rela-layout by proposing a technique to estimate the orientations
tionships between objects (e.g. car on road), find walkableof large surfaces in outdoor images. Rather than attempting
free-space, or capture the spatial layout of the scene? Unio recover exact 3D orientations at every point in the scene,

1. Introduction
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Figure2. Surface layout. On these images and elsewhere, main class labels are indicated by colors (green=support, red=vertical, blue=sky)
and subclass labels are indicated by markings (left/up/right arrows for planar left/center/right, ‘O’ for porous, ‘X’ for solid).

our goal is to label the image into coarse geometric classesrecognition, structure from motion, matching, and tracking.
Each image pixel is classified as either being parallel to theWhen it comes to general understanding of the visual scene,
ground plane, belonging to a surface that sticks up from theor “seeing” as humans think of seeing, however, capabili-
ground, or being part of the sky. Surfaces sticking up from ties are virtually non-existent. Though much of the early
the ground are then subdivided into planar surfaces facingwork in computer vision focused on scene understanding,
left, right or toward the camera and non-planar surfaces, ei-it eventually became clear that the algebraic and rule-based
ther porous (e.g. leafy vegetation or a mesh of wires) or approaches of the day could not handle the complexity and
solid (e.g. a person or tree trunk). irregularity of the world. We believe that now is the time
We pose the problem of 3D surface estimation in terms to resume such efforts, combining intuitions from the early
of statistical learning. Rather than trying to explicitly com- Yyears of computer and human vision research with the sta-
pute all of the required geometric parameters from the im- tistical, data-driven tools and computational power of today.
age, we rely on other images (a training set) to furnish this ) .
information in an implicit way, through recognition. But 2.1. Theories of Vision
in coptrast to most recognition approaghes that model S€- For centuries, scholars of the body and mind have pon-
mantic classes, such as cars, vegetation, roads, or buildgered the mental metamorphosis from the visual field (2D
ings [35, 12, 26, 47], our goal is to modggtometric classes  (gtinal image) to the visual world (our perception of 3D en-
that depend on the orientation of a physical object in the \i-onment). Hermann von Helmholtz, the most notable of
scene. Forinstance, a piece of plywood lying on the groundhe 19¢h century empiricists, believed in an “unconscious
and the same piece of plywood propped up by a board bexterence, in which our perception of the scene is based
long to same semantic class but different geometric classes,q; only on the immediate sensory evidence, but on our
pnlike other reconstruction techniques that require multiple long history of visual experiences and interactions with the
images (e.g. [38]), manual labeling [9, 31], or very spe- 4r|q [55]. This inference is based on an accumulation of
cific scenes [17], we want to automatically estimate the 3D o\idence from a variety of cues, such as the horizon, shad-
surface properties of general outdoor scenes from a singlq)wsy atmospheric effects, and familiar objects.
Image. In the opening pages of his 1950 boBé&rception of the
Our main InS|ght isthat 3D geometric information can be Visual W0r|d[15]1 James Gibson dec|ared1 “The elemen-
obtained from a single image by learning appearance-basegary impressions of a visual world are those of surface and
models of surfaces at various orientations. We present aedge.” Gibson laid out a theory of visual Space perception
framework that progressively builds structural knowledge \hich includes the following tenets: 1) the fundamental
of the scene by alternately using estimated scene structondition for seeing the visible world is an array of physical
ture to compute more complex image features and usingsurfaces, 2) these surfaces are of two extreme types: frontal
these more complex image features to gain more structuralngd longitudinal, and 3) perception of depth and distance
knowledge. We demonstrate the effectiveness of our ap-js reducible to the problem of the perception of longitudi-
proach and provide a thorough analysis of the impact of na| surfaces. Gibson further theorized that gradients are the
various design choices of our algorithm. We conclude by mechanism by which we perceive surfaces.

suggesting ways to improve and complete the surface lay- By the 1970s, several researchers had become interested

out and by describing potential applications. in computational models for human vision. Barrow and
Tenenbaum proposed the notion iofrinsic images[4],
2. Background capturing characteristics — such as reflectance, illumination,

surface orientation, and distance — that humans are able to
In the past twenty years, computer vision researchersrecover from animage under a wide range of viewing condi-
have made tremendous progress in object detection, facdions. Meanwhile, David Marr proposed a three-stage the-
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Figure 3. A system developed in 1978 by Ohta, Kanade and Sakai [36, 35] for knowledge-based interpretation of outdoor natural scenes.
The system is able to label an image (c) into semantic classes: S-sky, T-tree, R-road, B-building, U-unknown. Figure used with permission.

ory of human visual processing [32]: from primal sketch and 3) our surface layout is to be useith the original im-

(encoding edges and regions boundaries), gﬁ) Zketch age data, not as a substitute for it.

(encoding local surface orientations and discontinuities) to  Overall, our work can be seen as an attempt to offer a

the full 3D model representation. partial solution to the spatial understanding of the scene,
Koenderink and colleagues [25, 24] experimentally mea- providing at least a computational explanation for what re-

sured the human'’s ability to infer depth and local orientation mains a physiological phenomenon — recovery of the 3D

from an image. Their subjects were not able to accuratelyworld from the 2D image.

(or even consistently) estimate depths of a 3D form (e.g., a o

statue), but could indicate local surface orientations. They2-2. Early Computer Vision and Al

further provided evidence that people cannot determine the | its early days, computer vision had but a single grand
relative d_epth of two points unless there is some visib_le andgoal: to provide a complete semantic interpretation of an in-
monotonic surface that connects them. These experimentagt image by reasoning about the 3D scene that generated it.
results confirm the intuitions of Gibson and others — that hu- \while initial efforts in scene understanding focused largely
mans perceive the 3D scene, not in terms of absolute depth,, toy “blocks worlds” [41, 16], by the 1970s, several ex-
maps, but in terms of surfaces. tremely sophisticated approaches were proposed for han-
Irving Biederman [5] characterized a well-organized dling real indoor and outdoor images. For instance, Yaki-
scene as one that satisfies five relational constraints: supmovsky and Feldman [56] developed a Bayesian framework
port, interposition, probability, position, and size. Though for analyzing road scenes that combined segmentation with
unable to explain how these relationships are perceived,semantic domain information at the region and inter-region
Biederman supplied convincing evidence that they are ex-level. Tenenbaum and Barrow proposkderpretation-
tremely valuable for scene understanding and, indeed, areGuided Segmentatids1] which labeled image regions, us-
heavily used in the human vision process. ing constraint propagation to arrive at a globally consis-
Our current work has been heavily influenced by all of tent scene interpretation. Ohta, Kanade and Sakai [36, 35]
these ideas. Our approach shares Helmholtz’ intuition andcombined bottom-up processing with top-down control for
empiricist philosophy by learning models of surfaces from semantic segmentation of general outdoor images. Start-
the “experience” of a training set and by drawing from a ing with an oversegmentation, the system generated “plan
large and diverse set of visual cues. Our classification ofimages” by merging low-level segments. Domain knowl-
an image into support, vertical, and sky regions correspondsedge was represented as a semantic network in the bottom-
strongly with Gibson’s notions of basic surface type, though up process (Figure 3a) and as a set of production rules in
we differ from his belief in the primacy of gradient-based the top-down process (Figure 3b). Results of applying this
methods. Our surface layout is also philosophically similar semantic interpretation to an outdoor image are shown on
to Marr's Z%D sketch. However, we differ from it in sev-  Figure 3c. By the late 1970s, several complete image un-
eral important ways: 1) we use statistical learning instead derstanding systems were being developed including such
of relying solely on a geometric or photometric methodol- pioneering work as Brook#® CRONYM7] and Hanson and
ogy (e.g. Shape-from-X methods), 2) we are interested inRiseman’sVISIONS19]. As an exampleYISIONSwas an
a rough sense of the scene surfaces, not exact orientationgxtremely ambitious system that analyzed a scene on many



interrelated levels including segments, 3D surfaces and vol-used similar algorithms to estimate mean depth of the scene.
umes, objects, and scene categories. These concepts have since been applied to object recogni-

It is interesting to note that a lot of what are considered tion [33, 48], and Suddertkt al. [49] have demonstrated
modern ideas in computer vision — region and boundary de-the ability to recover some depth information based on the
scriptors, superpixels, combining bottom-up and top-down objects in an image.
processing, Bayesian formulation, feature selection, etc. — Some recent work has also attempted recovery of 3D in-
were well-known three decades ago! But, though much wasformation from a single image. Han and Zhu [17] recon-
learned in the development of these early systems, none oftruct wire-like objects in simple scenes. Saxena, Chung,
them were particularly successful, mainly because of theand Ng [43] present a method to learn depth from single out-
heavy use of hand-tuned heuristics which did not general-door images based on low-level features in an MRF model,
ize well to new data. This, in turn, lead people to doubt and Delage, Lee, and Ng [10] present a method for recon-
the very goal of complete image understanding. However, structing indoor scenes from a single image.
it seems that the early pioneers were simply ahead of their We draw inspiration from Oliva and Torralba’s global
time. They had no choice but to rely on heuristics becausescene representation and the model-driven stochastic seg-
they lacked the large amounts of data and the computationamentation processes of Barbu, Tu, and Zhu. The depth esti-
resources tdéearn the relationships governing the structure mation work of Saxenat al. could be used to complement
of our visual world. The advancement of learning methods our surface layout by providing evidence for the viewpoint
in the last decade brings renewed hope for a complete scenand occluding contours.
understanding solution.

3. Geometric Classes

2.3. Modern Computer Vision -
We pose surface layout recovery as a recognition prob-

The failures of early researchers to provide robust so-jem. Our goal is to label an image of an outdoor scene into
lutions to many real-world tasks led to a new paradigm in coarse geometric classes that will be useful for tasks such
computer vision: rather than treat the image as a projectionas navigation, object recognition, and general scene under-
from 3D, why not simply analyze it as a 2D pattern? Statis- standing. The feasibility of our goal arises from two tenden-
tical methods and pattern recognition became increasinglycies that we observed in 300 outdoor images collected using
popular, leading to breakthroughs in face recognition, ob- Google image search. The first is that nearly all pixels (over
ject detection, image processing, and other areas. Success7os) belong to horizontal (support) surfaces, nearly verti-
came from leveraging modern machine learning tools, largeca| surfaces, or the sky. The second is that, in most images,
data sets, and increasingly powerful computers to developthe camera axis is roughly aligned with the ground plane,
data-driven, statistical algorithms for image analysis. allowing us to reconcile world-centric cues (e.g. material)

It has become increasingly clear, however, that a purely wjth view-centric cues (e.g. perspective). Figure 2 shows

2D approach to vision cannot adequately address the largejmages labeled with these geometric classes.
problem of scene understanding because it fails to exploit

the relationships that exist in the 3D scene. Several re-3.1. Main Classes

searchers have responded, and much progress in recent . i , ) ,
Every region in the image is categorized into one of three

years has been made in spatial perception and representa- - . R S O
tion and more global methods for reasoning about the sceneMaiN classes: “support”, “vertical”, and "sky”. Support sur-
Song-Chun Zhu and colleagues have contributed muchfaces are roughly parallel to the ground and could poten-

research in computational algorithms for spatial perception]tcIaIIy snljpport 3. So"dhObJFth' Exa?pltta)ls mcludevrogd Isur-
and model-driven segmentation. Guo, Zhu, and Wu [11] aces, lawns, dirt paths, lakes, and table tops. Vertical sur-

propose an implementation of Marr's primal sketch, and faces are solid surfacgs that are too §teep to support an ob-

Han and Zhu [18] describe a grammar for parsing im- ject, such as walls_, cliffs, th_e curb S|d_es, people, tre_es, or

age primitives. Tu and Zhu [54] describe a segmentation COWS. The_sky is simply the image region corresponding to

method based on a generative image representation thaqﬁIe open air and clouds.

could be used to sample multiple segmentations of an im—3 2 Subclasses

age. Barbu and Zhu [3] propose a model-driven segmenta-—"""

tion with potential applications to image parsing [53]. Because the vertical class contains such a wide variety of
Oliva and Torralba [37] characterize the “spatial enve- surfaces, we divide vertical surfaces further into the follow-

lope” of scenes with a set of continuous attributes: natu- ing subclasses: planar surfaces facing to the “left”, “center”,

ralness, openness, roughness, expansion, and ruggedness.“right” of the viewer, and non-planar surfaces that are ei-

They further provide an algorithm for estimating these prop- ther “porous” or “solid”. Planar surfaces include building

erties from the spectral signature of an image and, in [52], walls, cliff faces, and other vertical surfaces that are roughly



planar. Porous surfaces are those which do not have a soligelf (position in the image) provides a strong cue. Figure 4
continuous surface. Tree leaves, shrubs, telephone wiresdisplays the likelihood of each geometric class given the x-
and chain link fences are all examples of porous surfacesy position in the image. As one might expect, ground tends
Solid surfaces are non-planar vertical surfaces that do haveo be low in the image, and sky tends to be high. The x-
a solid continuous surface, including automobiles, people, position (or column) in the image tells little about the main
beach balls, and tree trunks. classes, but is helpful in distinguishing among some of the

These subcategories are intended to provide a more desubclasses. For instance, planes facing left tend to be on the
tailed labeling of the vertical class in a manner that will right side of the image, while planes facing right tend to be
be useful for scene understanding. For instance, considepositioned on the left side. The reason is simply that more
the task of navigation. Planar surfaces often make up thephotographs are taken facing down a street or path than di-
boundaries of the traversable area of a scene. A vehiclerectly into the corner of a building.

may be able to drive through porous objects, but avoidance |n our representation, we normalize the pixel locations

would be preferred. Solid objects are often not fastened topy the width and height of the image. We then compute

the ground but require avoidance. The solid vertical sub-the mean (set L1 in Table 1) and** and90*" percentile

class also contains many objects that would be of interest in(|_2) of the x- and y-position of a segment in the image.

the object recognition task. We additionally measure the number of superpixels (L5),
The blurred boundaries between the definitions of thesedescribed in Section 5.1, and pixels (L6), normalized by

subclasses often makes (ground truth) labeling somewhatotal image area, in each segment.

subjective. For instance, how directly must a wall face the

viewer for it to be considered “center” instead of “left” or

“right"? Is the side of a small car planar? The side of an 18- 4.2. Color

wheel truck? Is a large branch solid? What about a jumble . . . : .

of twigs? These ambiguities are the inevitable consequence By itself, color has little to do with 3D orientations or

of imposing a compact labeling on the entire visual world. ggqmet_ry. I_\Ieverthel_ess, by modellng color, we can im-
Most of the time, when a region could be conceivably la- plicitly identify materials and objects that correspond to

beled as either of two classes, the assigned label has Iittlé’artICUIar geometric classes, making color a powerful cue.

practical importance, but the ambiguity does cause troubIeFOr instance, the sky is usually blue or white, a}nd suppprt
when quantitatively evaluating the performance of the auto- segments are oft(_an green (grass) or brown (dirt). .In F|g-
matic system-assigned labels. In providing the ground truth, ure 5, we plot the I|keI|hOOQS for each of the geometric main
we attempted to label each region into the most appropri—CI""SSes and subclasses given hue or saturation.

ate class, while being as consistent as possible. The reader We represent color using two color spaces: RGB and
should note, however, that some quantitative error (perhapsiSV (C1-C4). RGB allows the “blueness” or “greenness”

up to 15% for the subclasses) is due to these ambiguities. Of @ segment to be easily extracted, while HSV allows per-
ceptual color attributes such as hue and “grayness” to be

4. Cues for Labeling Surfaces measured.
A patch in the image could theoretically be generated
by a surface of any orientation in the world. To determine
which orientation is moslikely, we need to use all of the
available cues: material, location, texture gradients, shad-

ing, vanishing points, etc. In Table 1, we list the set of ,nq gpjects in the world. Texture also relates more directly
statistics used for classification. Some of these statistics,;, ihe geometric class through properties of surfaces in per-

such as perspective cues, are only helpful when computedsective, such as that a vertical plane will tend to have more
over the appropriate spatial support (i.e., a region in a seg-ertically oriented textures than a horizontal plane.

mentation), which is provided by our multiple segmentation )
method (Section 5). The sundry and sometimes redundant T_O represent texture, we _apply a subset of the fllter_bank
nature of these statistics reflects our approach: compute alpe3|gned by Leung and Malik [29]. We generated the filters

cues that might be useful and allow our classifier (describedusm_g1ZUbllgdy. avlailable i&ge Wilth fthe fqllowigg pjrglms'
in Section 6) to decide which to use and how to use them. tgrs. X19 PIXel Support/z scale for oriented and blo
filters, and 6 orientations. In all, there are 6 edge, 6 bar, 1

Gaussian, and 2 Laplacian of Gaussian filters. Our repre-
sentation includes the absolute filter response (T1) of each
It should come as no surprise that, for recovering the filter and the histogram (over pixels within a segment) of

rough 3D geometry of the scene, the 2D representation it-maximum responses (T2).

4.3. Texture

Similarly to color, texture provides a cue for the geomet-
ric class of a segment through its relationship to materials

4.1. Location



SURFACE CUES

Location and Shape

L1. Location: normalized x and y, mean

L2. Location: normalized x and y0** and90** pctl

L3. Location: normalized y wrt estimated horizar”, 90" pctl
L4. Location: whether segment is above, below, or straddles estimated horizpn
L5. Shape: number of superpixels in segment

L6. Shape: normalized area in image

Color

C1.RGB values: mean

C2.HSV values: C1in HSV space

C3. Hue: histogram (5 bins)

C4. Saturation: histogram (3 bins)

Texture

T1. LM filters: mean absolute response (15 filters)

T2. LM filters: histogram of maximum responses (15 bins)

Perspective

P1.Long Lines: (number of line pixels)/sqgrt(area)

P2.Long Lines: percent of nearly parallel pairs of lines

P3.Line Intersections: histogram over 8 orientations, entropy

P4.Line Intersections: percent right of image center

P5.Line Intersections: percent above image center

P6.Line Intersections: percent far from image center at 8 orientations
P7.Line Intersections: percent very far from image center at 8 orientations
P8. Vanishing Points: (num line pixels with vertical VP membership)/sqrt(area)
P9. Vanishing Points: (num line pixels with horizontal VP membership)/sqgrt(area)
P10.Vanishing Points: percent of total line pixels with vertical VP membership
P11.Vanishing Points: x-pos of horizontal VP - segment center (0 if none)
P12.Vanishing Points: y-pos of highest/lowest vertical VP wrt segment centef
P13.Vanishing Points: segment bounds wrt horizontal VP

P14.Gradient: x, y center of mass of gradient magnitude wrt segment center

Table 1. Statistics computed to represent superpixels (C1-C4,T1-T2,L1,L6) and segments (all). The boosted decision tree classifier selects
a discriminative subset of these features.

Support Vertlcal Left Center Right Porous Solid
Figure 4. Likelihood (higher |nten3|ty is more likely) of each geometric class given location in the image. Location is highly discriminative
for the main classes. Porous surfaces(often vegetation) tends to form a canopy around the center of the image, while solid surfaces often
occur in the front-center of the image. The left/center/right likelihoods show the tendency to take photos directly facing walls or down
passages.

4.4. Perspective perspective information in two basic forms: a “soft” esti-
mate and an explicit estimate of vanishing points.

Knowledge of the vanishing line of a plane completely By computing statistics of straight lines (P1-P2) and
specifies its 3D orientation relative to the viewer [20], but their intersections (P3-P7) in the image, our system gains
such information cannot easily be extracted from outdoor, information about the vanishing points of a surface with-
relatively unstructured images. Our representation containsout explicitly computing them. Our system finds long,



Sky Left

Support Vertical Center Right Porous Solid
Figure 5. Likelihood of each geometric class given hue and saturation. Each image shows the given hue and saturation, with the label
likelihood given by the intensity. Blue sky is easily distinguishable. More confusion exists between the support and vertical classes, though
natural tones of brown, green, and blue lend evidence for support. Gray (low saturation) is common in all main classes. Color is not very
discriminative among the subclasses, with the exception of porous which tends to be colors of vegetation.

straight edges in the image using the method of Koseckasuch vanishing point exists, a weighted average is taken of
and Zhang [27]. The intersections of nearly parallel lines their y-positions (weighted by the inverse variance of the
(within 7/8 radians) are radially binned, according to the estimated y-position of the vanishing points). Feature set
direction to the intersection point from the image center (8 L3-L4 relates the coordinates of the segment relative to the
orientations) and the distance from the image center (thresh-estimated horizon, which is often more relevant than the
olds of 1.0 and 3.5 times the image size). absolute image coordinates (though we must note that the

We also found that computing a more explicit estimate of horizon estimate is often quite poor).
the vanishing points can help in some cases. We compute Note that, though little theory or experimentation sup-
these vanishing points over the entire image (without regardports the exact parameter values given in this subsection,
to any segmentation), using the EM approach described byour system seems to be robust to reasonable variations.
Kosecka and Zhang [27]. From this, we have a set of esti-
mated vanishing points and the probability that each line in 5 Spatial Support
the image belongs to each vanishing point. If the expected
number of lines that form a vanishing point is less than 3,  Many of the cues described above can be extracted only
we ignore that vanishing point. We then consider vanish- When something is known about the structure of the scene.
ing points that occur very high or low (outside 2.5 times For instance, knowledge about the intersection of nearly
the image height) in the image plane to be “vertical vanish- parallel lines in the image is often extremely useful for de-
ing points”, which are likely to lie on a vertical plane. We termining the 3D orientation, but only when we know that
consider vanishing points that lie close to the image centerthe lines belong to the same planar surface (e.g. the face of
(within 1.25 times the image height) to be “horizontal van- @ building or the ground). Our solution is to slowly build

ishing points”, which are likely to lie on a plane parallel to structural knowledge of the image: from pixels to superpix-
the ground. els to multiple segmentations (see Figure 6).

For a given segment, we then compute various statistics .
relating to these vanishing points. For instance, the num-2-1. Superpixels
ber of pixels that a segment has that contribute to a vertical Initially, an image is represented simply by a 2D array
or horizontal vanishing point (P8-P10) may help determine ¢ RGp pixels. Without any knowledge of how those pixels
whether the surface is a support surface or vertical. Like- ghoy|d be grouped, we can compute only simple cues, such
wise, the position of the highest or lowest vanishing point a5 pixel colors and filter responses. Our first step is to form
(P12) formed by lines in the segment may help determine g, perpixels from those raw pixel intensities. Superpixels
the rough surface orientation. The position of the horizon- correspond to small, nearly-uniform regions in the image
tal vanishing point with respect to the segment center (P11,5,4 have been found useful by other computer vision and
P13) provides evidgnce of whgther the surface is facing tographics researchers [50, 40, 30]. The use of superpixels
the left, center, or right of the viewer. improves the computational efficiency of our algorithm and
The texture gradient can also provide orientation cues,allows slightly more complex statistics to be computed for
even for natural surfaces without parallel lines. We rep- enhancing our knowledge of the image structure.
resent texture gradient information (P14) by computing the  Our implementation uses the graph-based oversegmenta-
difference a segment’s center of mass with its center of massjon technique of Felzenszwalb and Huttenlocher [13]. We
of gradient magnitude. use the code publicly released by those authors with the
We also estimate the horizon position in the image basedparametersr = 0.5, £ = 100, min = 100. Beginning
on the vanishing points that lie relatively close to the image from single-pixel regions, this method merges two regions
center (within 75% of the image height). If more than one if the minimum intensity difference across the boundary is
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Multiple Segmentations Surface Layout

Input
Figure 6. Surface layout estimation algorithm. From the inputimage, we create an oversegmentation into superpixels. We then group those
superpixels into several different segmentations. The final surface layout combines estimates from all of the segmentations.

greater than the maximum difference within the regions, is produced by varying the number of segmentsand
with a bias towards larger regions. The advantage of thisusing a random initialization. In our implementation, we
technique is that it can often group large homogeneous re-generate 15 segmentations of the input image, withe
gions of the image together while dividing heterogeneous {5, 10, 15, 20, 25, 30, 35, 40, 45, 50, 60, 70, 80, 90, 100}).
regions into many smaller superpixels. This often allows In Figure 7, we show multiple segmentation examples for
reasonable oversegmentations with fewer superpixels (typtwo images.

ically around 500 for an 800x600 image). The superpixels,  Our multiple segmentation method has advantages of
however, tend to be highly irregular in size and shape which peing task-based, efficient, and empirically able to gener-
could be disadvantageous for some applications. Alterna-ate a reasonable Samp”ng of Segmentations_ Other meth-
tive over-segmentation methods include the normalized cutspds, however, are also possible. For instance, Russell
based method evaluated by Ren and Malik [40] and the sim-3|. [42] generate multiple segmentations using Normalized
ple watershed algorithm, which was used effectively by Li Cuts [46] while varying the size of the image and the num-
etal.[30]. These methods produce more regular superpixelsper of segments. Other possibilities include varying the
but require much more processing time or larger numbers ofcyes used for the segmentation [39] or generating a hier-
superpixels. archical segmentation [1, 45, 2].

5.2. Multiple Segmentations 5.3. Labeling

Our experiments (Section 8.2) show that, while the in- . . . . :
creased spatial support of superpixels provides much better Each segmentation prowdes_ a different view of the im-
classification performance than for pixels, larger regions ared9¢ To arrive at a final conclu_S|on, we need to evaluate the
required to effectively use the more complex cues, such ag'ke“_hoo,d that each segmentis goodtwmogeneouand .
perspective. How can we find such regions? One possibil-the_l'kel'hOOd of each pos_slble label. We can then_ combine
ity is to use a standard segmentation algorithm (e.g. [46]) to est'l.mgtes prpduced by d|ffere.nt segmentatlons'ln a prob-
partition the image into a small number of homogeneous re-ab_'l'sztIC fashlo_n. A segment is homogeneous if _aII con-
gions. However, since the cues used in image s:egmentatiotjiamed sup_erpl_xels_ have the same label. We estimate the
are themselves very basic and local, there is little chance o#?omOQG”e'W I'kel'hOOdD(Sjm bas‘?“_' on all of the cues
reliably obtaining regions that correspond to entire surfaces!'su?d n Tab_lg 1 using bqosted de0|§|on tredsomogene-
in the scene. ity is very difficult to.estlmate from image data, however,

Our approach is to computeuliiple segmentations and the learned estimate depends heavily on the number

. ; .qf superpixels in a segment. If we know that a segment
based on simple cues and then use the increased spatial : S )
. .. IS homogeneous, we can estimate the likelihood of its label
support provided by each segment to better evaluate ItSP(~-|s- 1)
quality. Ideally, we would evaluate all possible segmenta- * \%71%/: %) o b . .
tions of an image to ensure that we find the best one. To  T0 getthe label likelihood for thé" superpixel, we sim-
make our algorithm tractable, we sample a small number Py marginalize over the unique sampled segméat$ that
of segmentations that are representative of the entire
distribution. We compute the segmentations using a simple  1in an attempt to create a better homogeneity estimator, we also tried
method (described in Figure 8) that groups superpixelsusing statistics of individual superpixel likelihood estimates and same-
into Iarger continuous segments. Our method is based OI1&1be| likelihoods within a segment. The classifier learned from these statis-
L . ' . ics, however, performed the same as the classifier using the original cues,
pairwise same-label likelihoods, which are learned from pot in terms of its ability to classify homogeneous segments and of the

training images. A diverse sampling of segmentations overall accuracy of the system.
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Figure 7. Examples of multiple segmentations.
contain the superpixel: 14]. Decision trees make good weak learners, since they

N provide automatic feature selection and limited modeling of
Py = k|I) Z P(s; DP(g; = kls;, 1) (1) the joint statistics of data. Each decision tree provides a par-

8331 titioning of the data and outputs a confidence-weighted de-
Here, y; is the superpixel label ang; is the segment la-  cision which is the class-conditional log-likelihood ratio for
bel. Since the sum is over segments containingtheu- the current weighted distribution. The logistic regression

perpixel, rather than the joint space of segmentations, weversion of Adaboost differs from the original confidence-

believe that a small number of segmentations will provide a weighted version [44] by only a slight change in the weight

sufficient sample. Our experiments (Section 8.5) appear toupdate rule, but it results in confidence outputs that tend to

support this conclusion. be well-calibrated probabilities (after applying the simple
The resulting superpixel label likelihoods can be thresh- sigmoid conversion to the log-ratio output).

olded to get a max-margin estimate of the superpixel labels  1hg classifier training algorithm is given in Figure 9. For

(as we do in most of our evaluation) or used in a Markov (e same-label classifier, the initial weighted distribution is
random field framework to produce the jointly most proba-  niform. For the segment classifiers, the initial distribution

ple labels. In Section_9.1, we evaluate: a simple implementa-jq proportional to the percentage of image area spanned by
tion of the latter, forming unary potentials from the the label ¢4cy segment, reflecting that correct classification of large
likelihood and pairwise potentials from the same-label like- segments is more important than of small segments. When

lihoods and maximizing using graph cuts. computing the log-likelihood ratio, we add a small constant
- (ﬁ for m data samples) to the numerator and denominator
6. Classifiers which helps to prevent overfitting and to stabilize the learn-

In this paper, we use boosted decision trees for each clasiNd Process.
sifier, using the logistic regression version of Adaboost [8, = The same-label classifier outputs an estimate @f =



SEGMENTATION

Input:
e n,: number of segments
e p;; = P(y; = y;|I): probability that adjacent superpixets andr; have
same label, given the image

Initialize:
1. Assignns random superpixels to segments
2. While any unassigned superpixels remain
For each unassigned,:
For each neighboring segment
Assignm; = k with probability [T, (p}}’ =" (1 — p;;)™#*)
Minimize energy:E(m) = — >, logp;;' =" (1 — pi;)™ 7™
Until local minimum is reached fdf.(m)
For eachm;: assignm; to minimizeE(m)

Output:
e my..m,, € {l.ng}: assignment of superpixels to continuous segments

Figure8. Pseudocode for segmentation. The product in the initialization is taken over all adjacent superpjxalsttioave been assigned.
The sum in the energy term is over all pairs of adjacent superpixels. During the energy minimization, assignmestaonstrained to
preserve segment continuity.

TRAINING BOOSTED DECISION TREES

Input:
e D,..D,,: training data
w1,1..W1 " iNitial weights
y1--Ym € {—1,1}: labels
n,: number of nodes per decision tree
ns. number of weak learner decision trees

Fort = 1..n;:
1. Learnn,-node decision tre&; based on weighted distributiom;,

g . Wt 4
iy;=1,D; €Ty i

2. Assign to each nodg, ;.: f = % log 5

. W, 4
iry;=—1,D; €Ty i,

3. Updateweights:w; 1 ; = vs— it T with ky : D; € Ty 1,
4 tr=1Tt ks

4. Normalize weights so that,, w1, = 1

Output:
e T3..T,,: decision trees
o fi1..fn, n,: Weighted log-ratio for each node of each tree

Figure9. Boosted decision tree algorithm using logistic regression version of Adaboost.

y;|I) for the adjacent superpixeisandj and image data  “support”, “vertical”, and “sky”. These are then normalized
1. The segment homogeneity classifier outgdes; |I) for to ensure that the estimated probabilities sum to one. Sim-
the kt* segment. We train separate classifiers to distin- ilarly, the subclassifier outputs probabilistic estimates for
guish among the main classes and the subclasses of vertieach subclass, given that the main class is “vertical”.

cal. These are each learned in a one vs. all fashion. For in-

stance, to distinguish among the main classes, we train three

classifiers that estimate the probability of a segment being

10



Support Vertical ~ Sky the areas; the fraction of the boundary length divided by

31.4% 48.0% 20.6% the perimeter of the smaller superpixel; and the straightness
Left Center Right Porous Solid (length divided by endpoint distance) of the boundary.
5.0% 105% 6.3% 157% 10.5% To train the segment classifiers, we need to assign ground
Table 2. Average image area for each main class and subclass offuth to the automatically created segments. If nearly all
vertical. (at least 95% by area) of the superpixels within a seg-

ment have the same ground truth label, the segment is as-
signed that same label. Otherwise, the segment is labeled as
“mixed”. The label classifier is then trained to distinguish

among single-label segments, and the homogeneity classi-

For training and testing, we gathered 300 outdoor im- fier is trained to determine whether a segment has a single

ages using Google image search for words such as “a"eynylabel or is mixed. The segment classifiers use all of the
“beach”, “buildings”, “city”, “cliff’, and “college”. In col- listed cues. Many of these cues can be quickly computed
lecting the images, we removed aerial photos and those with®" the segments, since the superpixel cues provide suffi-

cient statistics. In fact, all of the location/shape, color, and

extreme viewpoints (i.e., we required that the horizon line . ;
be within the image). The resulting images offer a wide va- [€Xture cues, with the exception of L2 and L3, can be com-

riety of environments (forests, cities, roads, beaches, lakesPUted for segments by taking a weighted (by area) mean of
etc.) and conditions (snowy, sunny, cloudy, twilight). The the Superpixel cue values.

image sizes range from about 300x240 to 1024x768, with In ogr_implementation, each strong classifier consist_s _of
varying aspects. 20 decision trees that each have 8 leaf nodes. Decision

To provide ground truth, we first oversegmented the im- trees are learned using a weighted version of the MATLAB

ages into superpixels (described in Section 5.1). These sylreefit  function. We first grow the tree to four times the

perpixels, typically numbering about 500 per image, pro- Ezrgbter of nodes ?esw;ed and then prune it using the MAT-
vide our atomic representation, and each was manually as- reeprune - function.

signed a ground truth label by drawing polygons around . Our current implementation differs from that of our pre-
regions and clicking individual superpixels. In all, about vious work [22] in several ways. We replaced the texture

150,000 superpixels were labeled in a time-consumingf"ters' added texture histograms of the max response (T2),

process. Labeling superpixels, instead of pixels, providesadded explicit vanishing point cues (P8-P13), and restricted

a very accurate, complete ground truth, but sometimes a SuTsegmentatlons to continuous segments. The additional van-

perpixel will include more than one geometric class. On $E|nghp0mt 9“?5 |tmproved subclasts ?ccurac%/ bf)ir?bouM_A).
those rare occasions, we assign the most appropriate label. € change In texture cues accounts for most of the remain-

i 0, 0, i -
Table 2 shows the average image area of each main clastl'd 'mprovement (roughly.Z/o. and 5/o_for main and sub
and subclass in our data set. classes). The segmentation into continuous segments re-

. R . —— Its in fewer r rrors.
Training and testing is performed with cross-validation. sults in fewer scattered errors

Our training algorithm is outlined in Figure 10, and our in-
ference algorithm in Figure 11. We randomly split the set
of 300 images into six subsets of 50 images each. The first The purpose of our experiments is to demonstrate the
subset is used to train a same-label classifier that estimategffectiveness of our proposed multiple segmentation algo-
the likelihood that two superpixels have the same label. Therithm and to gain an understanding of what makes it effec-
remaining subsets are used for training and testing in five-tive. Our analysis includes comparison of varying levels
fold cross-validation. Based on the same-label classifier, of spatial support, the impact of different types of cues on
multiple segmentations are produced for each image (as inaccuracy, and choices of parameters for segmentation and
Section 5.2). Then, in each fold, four subsets are used toclassification.
train the geometry and homogeneity classifiers, and the re-  In each experiment, we report the average accuracy of
maining subset is used for testing. Since we use the crossclassification among the main classes (“support”, “verti-
validation to evaluate our algorithm, we do not use it to se- cal”, “sky”) and among the subclasses of vertical (“left”,
lect parameters. “center”, “right”, “porous”, “solid”). The most likely label

The same-label classifier is based on cue sets L1, L6,is assigned to each superpixel, and the average accuracy is
C1-C4, and T1-T2 in Table 1. The following statistics are weighted by the area of the image spanned by each super-
computed over pairs of superpixels: the absolute differencespixel. For instance, an accuracy of 85% means that, on av-
of the mean RGB, HSV, filter response, and pixel loca- erage, 85% of the pixels in an image are correctly labeled.
tion values; the symmetrized Kullback-Leibler divergence Subclass accuracy is evaluated independently of the main

of the hue, saturation, and texture histograms; the ratio ofclass accuracy. For example, if a “porous”, “vertical” super-

7. Implementation

8. Experiments

11



TRAINING OVERVIEW

1. For each training image:
(a) Compute superpixels
(b) Compute superpixel cues (Table 1)
2. Train same-label classifier (Section 6)
3. For each training image:
(&) Produce multiple segmentations for varying(Section 5)
(b) Label each segment according to ground truth
(c) Compute cues in each segment (Table 1)
4. Train segment label classifier and homogeneity classifier (Sectian 6)

Figure10. Outline of training procedure.
SURFACE LAYOUT ESTIMATION

1. Image— superpiels via over-segmentation
2. Superpixels— multiple segmentations
(a) For each superpixel: compute cues (Table 1)
(b) For each pair of adjacent superpixels: compute same-label likeliR¢pd= y; |T)
(c) Create multiple segmentations for varyimg(Section 5)
3. Multiple segmentations» superpixel labels
(a) For each segment:
i. Compute cues (Table 1)
ii. For each possible label (main classes and subclasses): compute label likefifpH s ;)
ii. Compute homogeneity likelihoo#(s;|I)
(b) Compute label confidences for each superpirgly;|I) o Z P(y;|1,5;)P(s;1)

Ssj31

Figurell. Outline of surface layout estimation algorithm.

pixel is mislabeled as ground, but the most likely subclass Main Class

given vertical is porous, that superpixel is counted as incor- Support Vertical Sky

rect for the main class accuracy but correct for the subclass Support  0.84 0.15 0.00

accuracy. Vertical 0.09 0.90 0.02
Overall (Section 8.1), the performance of our method is Sky 0.00 0.10 0.90

quite good, both quantitatively and qualitatively. Key ingre-
dients to its success are the robust spatial support (8.2) pro-
vided by multiple segmentations and the inclusion of many
types of cues (8.3). The spatial support plays an especially
important role in the subclassification (e.g., determining the
whether a plane is facing the right or the left), which greatly
benefits from perspective cues. Fortunately, the algorithm )

Solid 0.04 0.20 0.04 0.17 0.55

is not highly sensitive to implementation details such as the
any P Table 3. Confusion matrices (row-normalized) for multiple seg-

number of segmentations (8.5) and classification parame- i
. . : mentation method.

ters (8.6). Our method also easily extends to indoor images

(8.7), achieving excellent accuracy despite a small training

set.

Vertical Subclass

Left Center Right Porous Solid

Left 0.37 032 0.08 0.09 0.13
Center 0.05 0.56 0.12 0.16 0.12
Right 0.02 0.28 0.47 0.13 0.10
Porous 0.01 0.07 0.03 0.84 0.06

likely label is important, but for others the confidence in
8.1. Overall that label is helpful. In Figure 12, we plot the precision-
In Table 3, we report the confusion matrices for our recall curves for the main and subclasses.
multiple segmentation method. The matrices are row- In Figures 16 and 17, we show qualitative results from
normalized. The non-normalized matrices can be computedour multiple segmentation method, and, in Figure 18, we
using the class priors (Table 2). display results as confidence images for each of the sur-
For some applications, only the accuracy of the most face labels. We demonstrate the generality of our geomet-
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Figure 12. Precision-recall curves. Precision is the percent of declared labels (at some confidence threshold) that are true, and recall is the
percent of true labels that are declared. The curve is generated by varying the confidence threshold.

Method Main | Sub (over superpixels) to 56.6%. Our multiple segmentation
Pixels 82.1 | 44.3 method provides good spatial support while avoiding com-
Superpiels 86.2 | 53.5 mitment to any particular segmentation, resulting in much
SingleSegmentation 86.2 | 56.6 better performance (88.1% and 61.5%). As can be seen,
Multiple Segmentations 88.1 | 61.5 better spatial support results in higher accuracy, especially
GroundTruth Segmentation 95.1 | 71.5

for the subclasses which rely on the more complex cues.
Table 4. Average accuracy (percent of correctly labeled image pix-  \\e also performed an experiment based on “perfect”
els) of methods using varying levels of spatial support. segmentations, which were created by performing con-
nected components on the ground truth labels. When

training and testing on these ground truth segmentations,
ric models in Figure 20, where we label paintings, despite Our algorithm achieves much higher accuracy (95.1% and

training on only real images. 71.5%). This result demonstrates the value of spatial sup-
port for classification and indicates the potential improve-

ment that could result from an improved segmentation
process.

8.2. Spatial Support

In Table 4, we report the average accuracy for increas-

ing Ievgls of spatial sqpport, frgm.p.ixels tq multiple seg- g3, Analysis of Cues

mentations. When using only individual pixels as spatial

support, based on color, filter responses, and position, the We wish to evaluate the effectiveness of our four types
classification accuracies are 82.1% for the main classes anaf cues: location and shape, color, texture, and perspective
44.3% for the subclasses. When using superpixels for spa{see Table 1). To do this, we train classifiers and compute
tial support, based on the simpler superpixel cues (L1, L6, average accuracies over our testimages in eight trials: using
C1-C4, T1-T2 in Table 1), the accuracies improve substan-each type individually and using all cues except one type.
tially to 86.0% and 52.9%, respectively. When using all In these experiments, we applied the multiple segmentation
of the cues, including perspective cues, however, accuracymethod, using the same segmentations as were used to re-
improves only slightly to 86.2% and 53.5%. Thus, while portaccuracy on the multiple segmentations. Thus, the seg-
superpixels allow more useful cues than pixels, such as his-mentations themselves are based on the standard set of cues,
tograms of color and texture, the perspective cues still can-and the results in this experiment reflect how effectively the
not be utilized effectively without better spatial support. segments are classified. The results are listed in Table 5.

A single segmentation provides better spatial support In Figure 19, we display qualitative results, comparing the

than superpixels but is unreliable and may result in a poorindividual contribution of each cue and the overall result.
solution. Segmenting images into 100 segments each (the The simple location and shape cues prove to be surpris-
single value that gives the highest average accuracy iningly effective for the main classes but ineffective for dis-
our experiments) slightly improves the subclass accuraciesinguishing among the vertical subclasses. Texture cues are
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Cues Main | Sub

=

All 88.1 | 61.5 ——Main
Location 829 | 421 0.9/~ ~Sub |
Color 72.2 | 43.1
Texture 79.9 | 54.6 0.8//‘_—_—"
Perspectie 68.3 | 51.8
No Location 84.4 | 59.5 207t 1
No Color 87.0 | 60.4 3 o
No Texture 86.7 | 58.2 <06/ ameT
No Perspectivel 88.1 | 56.6 05l e *
Table 5. Average accuracy under different sets of cues. ' JUPEL A
0.4b-="""
highly effective for both main classes and subclasses. Per-  *% 10 25 50 100 200

spective seems to be highly effective for subclassification Number of Training Images

but to offer little benefit to main classification. Perhaps tex- Fi9ure13. Accuracy while varying the number of training images.

ture implicitly provides the useful perspective information Accord'ng. N t.he'.s.e trends’. much larger training sets would proba-
. Lo B . . - bly result in significantly higher accuracy, especially for the sub-

for distinguishing between “support” and “vertical”, or per- classes.

haps this is due to the low number of “manhattan” scenes in

the database for which the perspective cues would be most

valuable. From this table, we can also conclude that the ) o

cues have high interdependencies through the labels. Eackgtion, low bias (an oversegmentation) is preferred.

cue by itself seems remarkably effective at discriminating Ve also measure the effect of the number of segmenta-

among the classes (especially for the main classes), but relions on accuracy in our multiple segmentation framework.

moving a single cue never affects accuracy by more thanOUr implementation uses 15 segmentations. In Figure 14

a few percent. The effect on accuracy would be larger (as(fight), we compare results while varying the number of

shown in our previous work [22]) if the segmentations were Segmentations from one to sixty. In these experiments, we

also recomputed with subsets of the cues. For instanceUsed the same classifiers trained under our reported results

color plays a stronger role in the segmentation than in thefor multiple segmentations but generated new sets of seg-

classification. mentations for testing. A large improvement is observed for
the subclassifier, with a smaller improvement for the main
8.4. Sufficiency of Data classifier. This is in accordance with the results in Table 4,

which shows that segmentation plays a more critical role in
If we had more training images, would we be able to train the subclassification.

more accurate classifiers? To find out, we performed an
experiment, re-training our segment homogeneity and label8.6. Classification Parameters

classifiers on between 5 and 200 images. We plot the results Boosted decision t tiall the inout
in Figure 13, providing evidence that much larger training . oosted decision trees sequentially carve the input space

sets would probably improve accuracy, especially for the into a set of hypercubes and estimate the class-conditional
subclasses ' likelihood ratio for each. The granularity of the hypercubes

can be made arbitrarily fine (as the number of weak learners
increases), but the estimations of the likelihood ratios (and
the assigned classes) for datapoints falling within each cube
We first evaluate the effect of the number of segments are constrained by the type of decision tree. For instance,
on accuracy, for the single segmentation method. We plotif the decision tree has only two leaf nodes (as is common
the results of our experiment in Figure 14(left). The main practice in computer vision algorithms), the strong classi-
class accuracy peaks at 100 segments per segmentation arfiger is based on a sum of functions that each take only one
remains unchanged for higher numbers. The subclass acattribute as input, as in linear logistic regression. If the deci-
curacy also peaks at 100 segments per segmentation bution tree can be arbitrarily large, however, any set of unique
declines slightly as the number of segments increases fur-datapoints can be arbitrarily labeled.
ther. This may be due to the importance of the perspective Thus, when using boosted decision trees, there are two
cues (which require good spatial support) to the subclassi-important parameters to consider: the number of weak
fier. These results illustrate the trade-off between bias andlearner trees and, more importantly, the number of nodes
spatial support, showing that in the case of a single segmenyper tree. Generally, increasing the number of trees will

8.5. Analysis of Segmentations
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Figure 14. Analysis of segmentation parameters. On the left, classification is performed for single segmentations into varying numbers
of segments (“sp” is the segmentation into superpixels). Peak accuracy is at 100 segments, with larger numbers of segments degrading
the subclass accuracy slightly. On the right, classification is performed using the multiple segmentation method for varying numbers of
segmentations. Although eight segmentations outperforms single segmentations by about 2% and 5% for main and subclasses, increasing
the number of segmentations further produces no significant change in accuracy.

not harm accuracy, since Adaboost is robust to overfitting. proves to 93.0% and 76.3%, respectively. Qualitative results
Choosing the number of nodes per tree, however, involvesare shown in Figure 21.

the complexity trade-off between the power of the classi-

fier and its tendency to overfit. We performed experiments, 9. Alternative Frameworks

comparing the average accuracy as the number of decision ) ] S
trees varied for eight-node trees (eight leaf nodes) and while  Since our method is the first to treat surface estimation
varying the number of nodes per tree. When changing the@S 2 recognition problemZ it is worth checking that other
number of nodes per tree, we keep fixed the number of de-reasonable approaches will n_ot greatly outperform our own.
cisions so that there are 160 leaf nodes for each strong clasH€re, we explore two alternative frameworks for recovering
sifier (80 2-node trees, 40 4-node trees, 20 8-node trees, 1§urface layout: a simple random field framework in which

16-node trees, 5 32-node trees). See Figure 15 for the re¥nary and pairwise potentials are defined over superpixels,
sults. and a simulated annealing approach that searches for the

most likely segmentation and labeling. Our results from the
8.7. Indoor Scenes random field framework confirm that our multiple segmen-

To d trate that h Iso be effectivel tations provide more than what can be modeled by simple
0 demonstrate that our-approach can aiso be efiective ypairwise interactions. Our results on the simulated anneal-
applied to indoor images, we annotated ground truth geom-;

etry Iabels_for the Stanford datas_et of 92 indoor images usedlgr}g ggque\;gl:nr;ﬂr;;%ﬁt?: ac#i]:f:ﬁiur:;y g:lrs g\?vrr:: k;;grgogcah.sm
to test the indoor 3D reconstruction method of Delage, Lee,
and Ng [10]. For simplicity, we used the same geometric 9 1. Random Field Framework
classes as for outdoors, except that the “sky” class is rede-
fined as the ceiling. We did not change any parameters in N image labeling problems, conditional random
our system and re-used the same-label classifier trained ofi€lds [28] (CRFs) are widely used to model the conditional
outdoor images. We then performed two experiments: thedistributionP(y|I) of the labels given the image data. Us-
first measuring the accuracy when all classifiers are trainedind pairwise cliques, the log of of the conditional distribu-
on outdoor imagesy and the second when homogeneity andion can be written as a sum of unary and pairWise pOtential
label classifiers are trained on indoor images in five-fold terms:
cross-validation.

When trained on outdoor images, the average classifi- log P(y|T) = Zfl (v, I) + ZfQ(yi’yj’I) —logZ (2)
cation accuracy of indoor images is 76.8% for the main ’ “
classes and 44.9% for the subclasses. After re-training thewhere the second sum is over all adjacent pairs of labels and
segment classifiers on indoor images, the test accuracy imZ is the partition function. We define the labels to be over
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Figure 15. Analysis of classification parameters. The results are fairly robust to the classification parameters. When boosting eight-node
decision trees, having ten or more weak learners gives the best results. When keeping the total number of decisions constant (160 nodes
total), between trees of between 4 and 16 nodes produce the best results.

Ié] 00 05 10 15 20 25 340 already impact the estimate through the segmentations. By

Main | 86.2 86.4 86.2 86.1 85.7 854 84, modeling other kinds of interactions, such as positional re-

Sub | 535 544 548 541 537 527 52 lations of labels, the conditional random field may be used
to improve the results from multiple segmentations.

()

oo

Table 6. Average accuracies for varying levelsiafsing a condi-
tional random field.

9.2. Simulated Annealing

the superpixel and set the unary term to be the superpixel | our multiple segmentation framework, we indepen-
label log likelihoodlog P(y;|T). We set the pairwise termto  gently generate the segmentations and then marginalize
be proportional to the same-label log likelihood. over them. But what if we search for the segmentation that
We can rewrite this as an energy function: gives us the highest confidence labeling and use those la-
bels? To find out, we tried a simulated annealing approach

E(y1-yn) = > Bi(y:) + > Bij(i,v5) (3 similar to that of Barbu and Zhu [3].
! * We obtain our initial segmentation by estimating the la-
Thefirst term penalizes lack of confidence in the superpixel Pel likelihoods for each superpixel and performing con-

label: E;(y;) = —log P(y;|T). The second term penalizes nected components after coloring with the most likely la-
discontinuity between neighboring labels. Denofit(g; = bels. Train?ng apd testing a segment classifier on this initial
y;|T) asp;;, we setB;(y; = y;) = 0 andEy; (y; # ;) = segmentation yields an average accuracy of 86.5% for the
B(log pi; — log(1 — py;)). By forcing E; (y; # y;) >= 0, main classes and 55.2% for the subclasses. For each move,

we can find a good local minimum of this energy using the We select a random segment. We then merge the segment
alpha-expansion graph cuts algorithm [6]. The parameterWith an adjacent segment or split the segment in two, us-
3 controls the relative strength of the pairwise interaction ing the algorithm given in Figure 8. If split, one part of the
term. segment either becomes a new segment or is attached to a

We trained the superpixel label and pairwise likeli- neighboring segment.
hood functions as described for the multiple segmentation  Our energy function is based on the estimated accuracy
method. In Table 6, we show that slight gains in subclass of the main class labeling given the current segmentation.
accuracy are possible, though the main class accuracy is noto estimate the accuracy, we learn a regression tree (us-
significantly improved. ing MATLAB's treefit) that estimates the percentage of

The unary potentials could also be created from the mul- pixels within a segment that have the majority label, based
tiple segmentation label estimates. In our experiments,on the set of cues in Table 1. We also learn a classifier that
however, this does not improve either main class or sub-outputs the likelihood of the majority label (even if the seg-
class accuracy, probably because the same-label likelihoodsnent contains multiple types of surfaces). The energy is the
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Input Ground Truth Labels Input Ground Truth Labels
Figure 16. Results from multiple segmentations method. This figure displays an evenly-spaced sample of the best two-thirds of all of
our results, sorted by main class accuracy from highest (upper-left) to lowest (lower-right). See Figure 2 for explanation of colors and
markings. Brighter colors indicate higher levels of confidence for the main class labels.
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Figure 17. Continued results from multiple segmentations method. This figure displays an evenly-spaced sample of the worst third of all
of our results, sorted by main class accuracy from highest (upper-left) to lowest (lower-right).

defined as The challenge of the simulated annealing approach is in
correctly estimating the majority of the label and the per-

E(s;I) = —log Z a; max P(7;]s;, Dr(g;,5;]I)  (4) centage of pixels in the segment that have the majority label.
j This is much more difficult to estimate than the likelihood

that a segment is homogeneous or the label likelihood of a

wherea; is the (normalized) area of the segment g; is homogeneous segment.

its label, and(g;, s;|I) is the regression tree estimate. Each
move is accepted with probabilitycp(—%—f) whereT,, is
thetemperature at the current iteration.

We used a low initial temperature {‘Bet as one per- We believe that our surface layout representation has a
cent of initial energy) and a fast cooling schedulg, (1’ = wide variety of applications, including automatic single-
0.95 = T,,, aftern, proposals, where, is the number of  view reconstruction, object detection, and vision-based nav-
segments at the beginning of the iteration). Even so, theigation. In [21], we show that our main surface labels and a
simulated annealing took about 26 hours to test the 250 im-horizon estimate are sufficient to reconstruct coarse, scaled
ages. On average, the energy at the final iteration was abouBD models of many outdoor scenes. By fitting the ground-
40% of the initial energy. vertical intersection in the image, we are able to “pop up”

The result of the simulated annealing is an average accu-the vertical surfaces from the ground. Figure 22 shows the
racy of 85.9% for the main classes and 61.6% for the sub-Merton College image from [31] and two novel views from
classes. If, instead of using only the final segmentation, wea texture-mapped 3D model automatically generated by our
use an average over all of the segments produced during theystem. See [21] for additional results and details on how
simulated annealing (similarly to the multiple segmentation to construct these models.
algorithm), the main class accuracy is 85.3% and the sub- Most objects, such as cars and people, are roughly verti-
class accuracy is 66.9%. cal surfaces that are supported by the ground. Thus, an esti-

10. Applications
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Figure 18. Results with confidence images for multiple segmentations method. The confidence image shows the estimated probabilities
over the image for the given label.
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Figure 19. Results when performing classification based on each cue separately and using all cues. In each case, the same multiple
segmentations are used (which are based on location, color, and texture), and those segments are analyzed with the given type of cues.
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Input Labels Input Labels Input Labels
Figure 20. Results on paintings of outdoor scenes. Although the system is trained only on real images, it can often generalize to very
different settings.

Input Ground Truth Labels Input Ground Truth Labels
Figure 21. Results on indoor scenes.

mate of the surface layouts is very helpful for finding such 11. Discussion
objects. In [23], we show that by simultaneously estimating

surfaces, camera viewpoint, and object positions and sizes, By posing surface estimation as a recognition problem,

we achieve much higher detection accuracy than with lo- we are able to recover the coarse surface layout in a wide

cal detectors alone (and often recover the camera viewpointv ariety of outdoor scenes. Our approach has the advantages

very accurately). We show two examples of improvement of S'”_‘p'.'c'ty and r.obustnfass, being ablg o generalize even
in Figure 23. to paintings and indoor images. One important aspect of

our approach is the use of a wide variety of image cues in-
cluding position, color, texture, and perspective. Different
Lastly, we demonstrate an application to navigation. In cues provide different types of information about a region,
Figure 24, we show images taken from cameras mounted orand, when used together, they are quite powerful. The idea
a vehicle, the estimated surface layouts, and estimated conef multiple segmentations is also crucial to the success of
tours of “safely navigable” terrain. In this simple demon- our algorithm, especially for distinguishing among the sub-
stration, we consider support surfaces to be safe, and ouclasses. Multiple segmentations acquire the spatial support
contours are simply the lines for which the confidence in necessary for complex cues while avoiding the risky com-
support is equal to 0.75 (green), 0.5 (blue), and 0.25 (red).mitment to a single segmentation.
A robot trying to decide where to explore could considerthe  We see three important avenues for improvement. First,
area under the green line to be safe, between the green anthe surface layout estimation could benefit from additional
the blue to be probably safe, between the blue and the red tamage cues, more accurate segmentations, and models of
be probably unsafe, and above the red to be unsafe. Thudabel relationships. For instance, shadows and reflections,
by using the confidences, rather than relying on the accu-which now tend to confound our algorithm could be used
racy of the most likely labels, a robot can make a reasonableas evidence to help it. Improved grouping or segmenta-
plan for exploration and traversal, as further demonstratedtion algorithms would provide reliable segmentations into
in [34]. fewer segments, allowing better use of complex cues and
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Input Labels Novel View Novel View
Figure 22. Example of automatic 3D reconstruction based on surface layout (from [21]). Original image used by Ligttaiwg2] and
two novel views from the scaled 3D model generated by our system.

(a) Local Detection (a) Full Model Detection (b) Local Detection (b) Full Model Detection

Figure 23. Example of object detection application (from [23]). Detection with surface layout and viewpoint estimation performs much
better than purely local detection. The blue line shows the horizon estimate (always 0.5 initially). The boxes show detection estimates
(green=true car, cyan=false car, red=true ped, yellow=false ped), with the solid lines being high confidence detections and the dotted lines

being lower confidence detections.

less error due to incorrect segmentations. Also, label rela-erences. We thank Jake Sprouse for providing images for
tionships, such as such as relative position (the sky is abovehe navigation application, Heegun Lee for annotating the
the ground) and boundaries (e.g. edge junctions), could bendoor images, and our reviewers for helping to improve
used to improve results further. the clarity of the paper. This work is partially funded by
Second, a more complete notion of surface layout is re- NSF CAREER award 11S-0546547 and a Microsoft Re-

quired. As Gibson says, spatial perception is nothing but S€&rch Fellowship to DH.
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Figure 24. Example of navigation application. We process input images, taken from car-mounted cameras, and produce contours of
navigable driving areas. Contours indicate boundaries of “support” surfaces at confidence values of 0.75 (green), 0.5 (blue), and 0.25 (red).
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