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Abstract

An Empirical Approach to Grouping and Segmentation
by
David Royal Martin
Doctor of Philosophy in Computer Science
University of California, Berkeley

Professor JitendraMalik, Co-Chair
Professor David Patterson, Co-Chair

This thesis presents a novel dataset of 12,000 segmentations of 1,000 natural images by 30
human subjects. The subjects marked the locations of objectsin the images, providing ground truth
datafor learning grouping cues and benchmarking grouping algorithms. We feel that the data-driven
approachiscritical for two reasons:. (1) the datareflects “ ecological statistics’ that the human visual
system has evolved to exploit, and (2) innovations in computational vision should be evaluated
quantitatively.

We develop a battery of segmentation comparison measures that we use both to validate the
consistency of the human data and to provide approaches for evaluating grouping algorithms. In
conjunction with the segmentation dataset, the various measures provide “micro-benchmarks’ for
boundary detection algorithms and pixel affinity functions, as well a benchmark for complete seg-
mentation algorithms. Using these performance measures, we can systematically improve grouping
algorithms with the human ground truth as our goal.

Starting at the lowest level, we present local boundary models based on brightness, color, and
texture cues, where the cues areindividually optimized with respect to the dataset and then combined
in a statistically optimal manner with classifiers. The resulting detector is shown to significantly
outperform prior state-of-the-art algorithms. Next, we learn from data how to combine the boundary
model with patch-based featuresin apixel affinity model to settle long-standing debates in computer
vision with empirical results: (1) brightness boundaries are more informative than patches, and vice
versafor color; (2) texture boundaries and patches are the two most powerful cues; (3) proximity is
not a useful cue for grouping, it is ssimply aresult of the process; and (4) both boundary-based and
region-based approaches provide significant independent information for grouping.
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Chapter 1

| ntroduction

The generic goa of computer vision is to extract semantic information from digital images. The
difficulty, of course, lies in the word semantic and the human-centric nature of this information. For
lack of any other reasonable approach, we study and model the six billion working vision systems
presently in circulation. Lacking the toolsfor direct observation, we rely on theindirect observations
of psychophysicists, the introspection of the Gestaltists, and, all too often, our own intuition.

The legacy of the Gestalt school is a variety of ceteris paribus?® rules for perceptual grouping.
For example, if all other factorsremain constant, common motionisagrouping cue. The psychology
community has diligently tested these and other rules for perceptual organization with good effect.
Better understanding of human vision does lead to improved machine vision systems. However,
the controlled experiments required for scientific deduction limit the complexity of stimuli that one
can use with the typical psychophysical approach. Even if the Gestalt rules for grouping could be
rigorously prioritized, and their applicability to various stimuli extensively catalogued, it is not clear
that an effective recipe for grouping would emerge.

This conjecture arises from two concerns. First, there is the staggering complexity gap between
optical images of the natural world and the stimuli used in the majority of psychophysical experi-
ments. This gap will presumably close over time, though more slowly than at the exponentia rate of
progress to which computer scientists have grown accustomed. There is an opportunity to harness
the growing power of computersto explore the space of perceptual organization rules. For example,
if a machine were able to show that to operate in the natural world it must give priority to convex-
ity over symmetry for figure-ground separation, then does this not settle the question for computer
vision? The second concern is whether the statistics of natural images are relevant to human per-
ception. If these ecological statistics are absent from psychophysical stimuli, as they often are, then

1L iterally, “other things being equal”.
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experimental results may be compromised.

Vision is an intractable inverse problem, where the proximal stimulus of photons on the retina
cannot be mathematically inverted to reveal the structure of the distal stimulus that caused the pho-
tons to enter the eye. Even so, the human visual system is shockingly robust. The problem appears
so difficult that we must assume that the human visual system takes advantage of any useful infor-
mation available to it. Helmholtz conjectured that sensory input is interpreted as the most likely
configuration of objects in the environment. In addition to high-level knowledge about the world,
any relevant statistical regularitiesin the stimulus will clearly affect the likelihood. 1t has proven dif-
ficult to incorporate high-level information into machine vision systems. We have, however, grown
adept at incorporating probabilistic information.

Thisleads to the topic of this dissertation. How can we exploit the statistics of natural imagesto
improvethe quality of perceptual organization by machines? For example, abrightnessdiscontinuity
in an image can be caused by the boundary between objects. However, brightness discontinuities
have many other causes — surface markings, shadows, and texture — all of which are frequent in
the natural world. The statistical value of brightness discontinuities for finding object boundaries
in natural scenes can be judged only by measuring the fraction of brightness edges that suit that
purpose.

The human visual system is an equal party to the environment in the ecological statistics we
seek. We must, therefore, study the world as it is seen by human beings. To this end, we have
compiled a large dataset of natural images which have been segmented by human subjects. Each
of 1000 images has been segmented by approximately 10 different subjects. Given an image, each
subject was instructed to divide it into pieces that represent objects or pieces of objects. As afirst
step in perceptual organization, we aim to recover object boundaries. It is presently inconceivable
that a machine vision system could replicate the human segmentations, because the subjects used
any number of high-level cues to perform their grouping. Our immediate objective is to determine
how closely we can approximate human-level performance on this task by exploiting statistical
regularitiesin the dataset without incorporating high-level object-specific knowledge.

More low-level information is available than one might suspect. In computer vision's sister do-
main of computational linguistics, one can achieve 90% accurate part-of-speech tagging simply by
using the most likely tag for each word. The best probabilistic parsers currently approach 90% ac-
curacy on the problem of labeling grammatical structure without using the semantics of the words. 2
These successes, aswell as the more colloquial success of Internet search engines, have lent weight
to anew 90-10rule: statistical approaches can provide 90% sol utions to seemingly complex seman-
tic problems. It istime that we had statistics of these sorts for computer vision tasks.

2performance numbers are taken from [41].



This dissertation is distinguished by its two most central themes. First, we use alarge dataset of
complex, natural images. We have made no effort to ssmplify the image set, since we believe that
the unbiased statistics of the images must be preserved. Second, we take a scientific approach to
building a machine vision system. Since human-level vision is our goal, it seems most sensible to
study humans. We spent one year collecting data from human subjects so that we could subsequently
analyze patternsin the data, build models, and measure the accuracy of the modelsin relation to the
performance of the human subjects. Although this thesis focuses on relatively low-level issues such
as boundary detection and pixel affinity, it is meant as a first step in the pursuit of an approach to
perceptual organization that takes full advantage of ecological statistics from the start.

The organization of this dissertation is as follows. Chapter 2 presents the segmentation dataset
and the details of its construction. Chapter 3 presents several methods for measuring the consistency
of a segmentation with respect to the ground truth dataset. Chapter 4 presents a local boundary
model that was learned from the human data. Chapter 5 builds on the boundary model by learning a
pixel afinity function from the dataset. | concludein Chapter 6.
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Chapter 2

A Dataset of Human Segmented

Natural |mages

If we wish to create computer systems that decompose images in a manner similar to human beings,
then we should study the manner in which humans decompose images. In order to do this, we must
decidewhat it meansto “decompose” animage. Images of the natural world are generally composed
of physically disjoint objects whose juxtapositionin a scene leads to an image consisting of spatially
coherent groups of pixels. Each group of pixels originates from a single object, and may or may not
be visually coherent also. Let uscall the pixel groups segments, and the process of dividing animage
into segments segmentation.

This high-level definition of segmentation is quite different from the definition typically used
in the computer vision literature. The term segmentation is most often used to refer to the low-
level process of grouping pixelsinto visually coherent groups. The argument for such a processis
generally one of efficiency. Pixels are an inconvenient image representation due to their large num-
ber. Segments defined by uniform photometric properties are essentially super-pixelsthat reduce the
number of primitive objects an algorithm must consider. In addition, one can define new features on
apixel group, such as shape and texture, for which pixels are simply too small.

However, the low-level definition of segmentation isimprecise becauseit dependson the current
state-of-the-art in defining uniformity. Uniformity based on photometric propertiesis limiting and
arbitrary. The only stable definition of segmentation is also the statement of the ultimate goal:
finding regions of semantic coherence. To ensure the longevity and more general applicability of a
segmentation dataset, we therefore adopt the high-level notion of segmentation based on objects as
seen by generic humans rather than on features as seen by vision scientists.

As apractical issue in constructing a dataset, we need a data representation. However, we wish
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Figure 2.1: Open Contours. The open-contour objection to region-based segmentation. (a) An
oblique view of atorus produces open contoursthat result from self-occlusion. These open contours
revea information about the geometry of the object that one cannot obtain from the contours of
closed regions. (b) An example of this phenomenon in our dataset of natural images. The non-
convex elephants produce similar open contours where the ear both occludes and attaches to the
head, and where the leg occludes and attaches to the body. These contours provide valuable clues
about the geometry of the elephant, but the contours are not needed to separate the two elephants
from each other or from the background. The open-contour phenomenonisrestricted to occur within
an object; our focus is on the boundaries between different objects.



Figure 2.2: Hallucinated Boundaries. (a) Animagewith deep shadows that obscure the boundary of
the shoulder and hair. (b) The boundariesthat were “hallucinated” by four of our subjects. Note that
the hallucinated boundaries agree more than one might expect, suggesting that the subjects possess
strong prior knowledge about the shape of people.

to remain as agnostic as possible on the widely debated i ssue of boundary-based versus region-based
structures. Note that a decomposition of an image into regions necessarily provides the boundaries
one would need to achieve the same segmentation. Thus, we can always treat a segmentation as a
boundary map. That every segmentation is a boundary map suggests that a boundary-based repre-
sentation is more general, and indeed this is the case. In a region-based representation, we cannot
represent structures in the scene that are not closed. Such structures may arise from at least two
sources: objectswith internal boundaries arising from afolded topol ogy, such as a donut or elephant
(see Figure 2.1), and objects that appear to blend into each other because of shading (see Figure 2.2).

Fortunately, neither situation concerns us since both result from alow-level perspective. Folded
objects may have internal open boundaries that are useful features for recognition, but it is the
entire object we wish to partition from the image and recognize, not the view-dependent topol ogical
features. Asfor severe shading gradients that cause the boundary of an object to disappear, it is still
the case that the object has a boundary in the scene. That the boundary is not visible does not mean
that it should not be represented. With this dataset, we aim for “ gold-standard” image segmentations
that may contain high-level information. Our goal is, after all, to integrate high-level information
into vision algorithms!

Thus, we settle on a region-based representation because the region-based representation is
equivalent to a boundary-based representation when the segments correspond to whole objects in
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the real world. To be precise, we define our region-based representation as follows: a segmentation
is a partition of the pixels of an image into disjoint sets. The sets need not be contiguous in the
image plane.

One significant image structure that cannot be represented with the abstraction that each pixel
belongs to a single object is translucence. The obvious examples of translucent objects are ones
involving materials such as glass or plastic. However, our dataset has few of these synthetic trandu-
cent objects. Water is the predominant translucent material in the natural world. However, water
is often rendered largely opague by surface ripples. In the few images we have of till water, the
water is more often transparent or perfectly reflective than translucent. We attempted to balance
these issues against the desire to keep the data representation as simple as possible.

Additional concernsarise from shadows and reflections. It is not clear how we should treat these
effects in a segmentation, both because they are not objects proper and because they introduce a
translucent layer. We expected our subjects to ignore shadows and reflections, and so we did not
wish to unduly complicate the segmentation representation by adding layers. In addition, we did
not wish to draw the subjects’ attention to the concerns of computer vision researchers by explicit
instructions about such complexities, and therefore bias the experiment.

We settled on the simple one-segment-per-pixel data representation and laid out a set of high-
level goalsfor the dataset:

1. Natural Images. We are interested in natural images because of their ecological statistics
[2,5,26,27,31,33,61,62,71]. A large enough dataset should permit us to extract the statistics
of natural images that the human visual system likely exploits. To this end, | selected 1000
representative images from the Corel image library, excluding synthetic and abstract images,
but not excluding man-made structures (see Section 2.1.3 for theimage selection details). The
Corel image dataset is commonly used in computer vision because it is readily available and
contains awide range of subject matter.

2. Integrity. Many segmentation datasets used in computer vision are small, contain simple
images, and were created by computer vision researchers. These deficits are understandable
considering that more rigorous methods using a large set of natural images and naive subjects
are time consuming. We strove to break this tradition, however, by using 1000 Corel images
that contain a wide selection of subject matter. In the interest of ensuring that the data is
biased as little as possible by our immediate research agenda, we collected data from subjects
not trained in computer vision. In addition, we collected multiple segmentations of each
image from different subjects and validated the data by ensuring that the data is consistent
across subjects.
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3. Longevity. By collecting high-level image segmentations, we hope to ensure that the data re-
mains useful for many years. Matching these “ gold-standard” segmentations computationally
represents a challenging goal that will not be achieved in the near future.

4. Wide Applicability. Because of the effort involved in creating a large dataset of this type, it
should be useful for many tasks. In this thesis, | use the dataset to learn and evaluate both
local boundary models and pixel affinity models. Presumably, otherswill find additional uses
for the data. It was important to keep the data representation simple in order to facilitate its
use in unexpected applications.

5. Public Availability. As a service to the community, we have made the dataset and the tools
used to collect it from human subjects available for research and educational use. Thisis
in contrast with the only other large segmentation dataset we know of (the Sowerby dataset
[31, 25]) which has not been made public. The dataset and tools can be downloaded from the
Internet [11].

This outline of this chapter is as follows. Section 2.1 describes in detail the procedure we fol-
lowed in constructing the dataset. Section 2.2 demonstrates the integrity of the data by showing
that different human subjects are consistent with one another. Section 2.3 discusses the lessons we
learned in running the experiment. Section 2.4 presents future work. | concludein Section 2.5.

2.1 Dataset Construction

211 Experimental Setup

Subjectswere solicited through the U.C. Berkeley work-study program, which draws undergraduate
studentsfrom all disciplines. They were paid at arate set by the work-study program, which was ap-
proximately $12 per hour. Figure 2.3 shows some summary information about our 30 subjects. The
gender split was nearly equal, and few subjects were computer science students. To our knowledge,
none had any training in computer vision.

After an interview to assess commitment and to ensure that the subject had normal vision with
any necessary correction, | spent one to two hours with each subject individually to help them learn
to use the segmentation tool. Most subjects had little trouble mastering the procedurein one session,
but afew required additional one-on-one sessions. Nearly all subjects were able to produce accurate
segmentations on their first attempt. Any subsequent training was geared toward increasing the
speed at which subjects could segment images while retaining a high degree of accuracy in the
boundary localization.
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Start End Min/  Totd
ID Sex Age Art Segs Date Date Seg Hours

1 1102 M 19 N 82 Feb28 Apri3 9.2 12.6
2 1103 M 19 N 509 Feb28 Augil3 9.9 84.4
3 1104 F 20 Y 54 Mar06 Apr30 197 17.7
4 1105 M 22 N 978 Mar05 Oct05 76 1234
5 1106 F 19 N 84 Aprl0 May08 154 21.6
6 1107 F 19 N 920 Feb27 May12 4.8 73.8
7 1108 M 22 N 1000 Mar 07  Oct05 4.0 66.7
8 1109 F 20 Y 1020 Mar09  Jun06 4.4 74.5
9 1110 M 21 N 46 Mar(09 Mayl19 125 9.6
10 1111 F 23 N 13 Marl3 Apri2 8.5 18
11 1112 F 20 N 344 Marl3 Oct05 8.7 50.0
12 1113 F 20 Y 308 Marl4 Augld 87 446
13 1114 M 20 N 313 Mar20 Sep 06 81 424
14 1115 M 20 Y 953 Apr02 Aug28 6.7 106.7
15 1116 M 20 N 358 Jul15 Sep29 7.5 44.9
16 1117 M 19 Y 207  Jul 05 Aug?22 8.9 30.8
17 1118 F 23 Y 14 Junl2 Jl25 193 4.5
18 1119 F 22 N 200 Jl09 Sep26 8.7 42.0
19 1121 M 20 N 432 Junl1l3 Aug3l 6.2 446
20 1122 M 20 N 249 Junl3 Aug?2l 6.2 2538
21 1123 F 19 N 1020 Jul10 Oct 05 6.9 116.8
2 1124 M 21 Y 771 Jl18 Oct05 125 160.6
23 1125 M 2 N 2 18 w18 211 0.7
24 1126 M 20 N 166 Jul18 Sep26 11.0 304
25 1127 F 9 Y 248 18 Oct02 100 413
26 1128 F 21 N 50 Jul19 Aug08 9.1 7.6
27 1129 M 20 N 104 19 Aug26 222 38.5
28 1130 M 21 Y 678 Jul19 Sep20 5.6 63.4
29 1131 M 20 N 1 19 J19 134 0.2
30 1132 F 20 N 381 Ju24 Sep20 120 76.2
Totals 11,595 28Feb  05Oct 75 1458

Figure 2.3: Table of Human Subjects. The gender split is 17-13 male-female. All subjects had
normal 20/20 vision with any necessary correction. Nine subjects stated on the questionnaire that
they had artistic training. The last two columns show the average minutes spent on a segmentation,
and the total number of hours the subject worked. Data collection lasted about 7 monthsin the year
2001, resulting in 11,595 segmentations of 1020 Corel images.

10
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We provided subjects with the following instructions, which were intentionally brief and non-
technical:

You will be presented a photographic image. Divide the image into some number of
segments, where the segments represent “things™ or “parts of things™ in the scene. The
number of segments is up to you, as it depends on the image. Something between 2 and
30is likely to be appropriate. It is important that all of the segments have approximately
equal importance.

These directions were posted in thelab in clear view of the machinesthat the subjects used. The
last clause was a reluctant addition to the directions after observing that some subjects occasionally
focused on a single object (often a human face) to the exclusion of other objects. If a subject was
confused by the directions, they were additionally told to pay equal attention to all the objectsin the
scene and not to fixate on a single object. Whenever one subject was confused about the task, all
subjects were sent the additional instructions over email.

We did not use any unusual equipment in the experiment. The subjects work stations were
standard PCs running Microsoft Windows and Sun’s Java implementation. The monitors were 21"
Sony Trinitrons, and the pointing device a standard mouse.

Subjects set their own hours but were limited by work-study to no more than 19 hours per week.
| required a minimum of 5 hours per week. Data collection ran for approximately 7 months. Very
few subjects worked for the entire duration, either because of attrition at academic term boundaries
or because they segmented all 1000 images. To be sure we met our goal of 10,000 segmentations, |
recruited new subjects continuously throughout the duration of the experiment.

The experimental protocol was approved by the U.C. Berkeley Committee for the Protection
of Human Subjects. The data produced by the subjects was anonymized in accordance with the

Committee’'s regul ations.

2.1.2 The Segmentation Tool

In order to collect segmentations efficiently, we required a ssimple tool that would allow a user to
dividethe pixels of animageinto dig oint groups, or segments. We considered the foll owing options:

Adobe Photoshop Photoshop has several selection tools, including the magic lasso, that would
allow a user to mark boundaries. However, an explicit decomposition of an image into many
segments is not a paradigm supported by Photoshop. The subjects could use the selection
tools either to mark boundaries with a unique color, or to cut them into separate images.

11
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Pen and Paper We considered printing the images on paper, and then having subjects draw the
boundaries with a pen either on the paper itself or on an overlayed transparency. We could
then scan the boundary drawings.

Special Hardware Wacom manufactures pen-based tablets, aswell as pen-sensitiveflat-panel LCDs
that lay flat on a desk. One could present an image on such a device, and use the pen to mark
boundaries.

Custom Solution We considered creating a custom Java application tailored specifically to the task
at hand.

The non-custom solutions all share the problem of how to automatically convert boundary maps
to segmentations. The task would be confounded by having to deal with open contours, as there is
no way to enforce the closure of contours in Photoshop or on paper. In addition, any algorithmic
solution to this problem would introduce some sort of biasinto the data.

A few weeks spent building a custom Java application seemed well worth the timeinvestment. If
the user were able to construct segmentations directly, then no further processing would be required.
Two issues remained. First, there was the question of whether to use standard or special-purpose
pointing devices. The Wacom LCD tablet seems ideal for the task, but at the time, the units were
expensive, so they would become a bottleneck in the data collection process. Qualitative tests in-
dicated that non-LCD tablets did not provide any convenience over using a mouse. The pen-based
pointing paradigm seems natural for the task, but hand tremors were a problem. When holding a
pen, any hand tremor is trandlated directly into pointer motion. In contrast, one can push a mouse
around the surface of a desk with far more accuracy and steadiness. |mage contours are often long
and smooth, and it seemed that only a trained artist could draw such contours with any accuracy
using a pen.

The second issue was whether or not to use algorithmic assistance in marking boundaries, as
in Photoshop’s magic lasso tool. There are many variational snake-type methods [45] that would
be appropriate for the task of localizing boundaries. We were apprehensive, however, about using
this type of aid, for fear of introducing bias into the dataset. For example, variational boundary
localization methods have roughness penalty terms that prohibit sharp turns in the boundary. Far
worse is the problem of texture. Snakes climb some field gradient in the image plane. The gradient
is often defined in terms of image brightness, and so has problems with texture. A texture-savvy
snake would require us to define a field that reflects both brightness as well as texture gradients.
The combination of brightness and texture cues is an open research issue and indeed is one of our
primary research objectives!

12
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Thus, we decided to build acustom segmentation tool. Thistool would enablethe user to directly
divide an image into segments, obviating the need for any further data processing. The segmentation
task would be manual, without any algorithmic aids. One should be able to make the task efficient
given complete control over the application.

In the following sections, | will present the segmentation tool and the editing paradigm it sup-
ports. We arrived at our solution after several versions. A few weeks of use by our research group
ironed out some of the major problems. A tria run of the entire dataset construction procedure on a
graduate computer vision class provided much valuable feedback on the interface.

Editing Paradigm

When presented with anew image, the subject beginswith a single segment containing all the pixels.
The segmentation then evolves by a sequence of splitting, merging, and editing steps, described
below. All editing operations are governed by a single editing paradigm — that of moving pixels
from one segment to another. Figure 2.4 shows the operation. The figure shows the tool’s editing
window containing two segments, one in each pane. Any pixels selected in one pane will move to
the other. All editing operations are performed in this manner.

Creating a new segment. New segments are created by splitting some existing segment into two
pieces. See Figure 2.4(a,d). The subject first moves a single segment into the editing window.
The left pane contains the segment to be split, and the right pane is empty. By moving pixels
from the non-empty pane into the empty pane, the subject creates a new segment.

Deleting a segment. A segment can be deleted by merging it into some other segment. See Fig-
ure 2.4(e). First, the subject moves the two segments into the editing window. By moving
all of the pixels of the right segment into the left pane, the subject has effectively deleted the
right ssgment. Alternately, the left segment could be deleted by moving all of its pixelsinto
the right pane.

Editing a boundary. Thelocation of aboundary can be easily modified by moving pixelsfrom one
side to the other. See Figure 2.4(b,c).

The most common operationisthat of creating new segments. The other operationsare provided
“for free” by the interface, since the pixel exchange editing paradigm supports them. We intended
the paradigm to be flexible so as not to force subjects to segment an image in any particular manner.
For example, both top-down and bottom-up segmentation styles are naturally supported. A subject
favoring top-down division can recursively split segments from larger to smaller pieces. A subject
favoring a bottom-up approach could repeatedly carve the leaf segments from the original image

13
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Figure 2.4: Segmentation Tool Editing Paradigm. The editing window of the segmentation tool (shown

here 10 times) supports a single flexible mechanism: moving pixels from one side to the other. Pixels selected
in one panel (by encircling them with a closed contour) simply move to the other panel. (a) We begin with all

pixelsin a single segment. The user moves pixels to the empty right panel to create a new segment. (b) The
user moves the extraneous background pixels back, but makes a mistake on the neck contour. (c) The neck
contour is cleaned up. (d) The user has selected the background segment and carved out a beak segment. There
are now 3 segments total. (€) The user merges the beak and left bird segments, leaving 2 segments total. This
isnot arealistic editing session, but is meant to beillustrative. Theimage is drawn as a faded backdrop in each
panel to orient the user. Note that the selection contour can contain freehand sections (by dragging the mouse)
and straight-line sections (by clicking). The contour is closed with a right-click, at which time the pixels are
moved. Straight-line sections are particularly useful when segmenting man-made structures. Low-curvature
contours are also more efficiently traced in linear pieces rather than freehand.
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Figure 2.5: Segmentation Tool Windows. The main window (left) shows the current state of the
segmentation. There are 8 segments, outlined in green. The two segments outlined in red are
selected, and so are shown in the editing window (right).

segment. In addition, the tool does not constrain the user to define a new segment in one step.
Figure 2.4(a-c) shows how a new segment can be carved out of an existing segment in multiple
steps. Again, there is no new operation involved; the editing paradigm providesit for free.

Note that there is no constraint that segments be contiguous. Subjects are free to create dis-
continuous segments, which is often natural when one object is split up into several segments by

occlusions.

Windows

The tool consists of two windows: the main window and the editing window (see Figure 2.5). The
main window shows the current state of the segmentation as neon green contours overlayed on the
image. Both the display of the image and the contours can be toggled.

The user selects segments by clicking on them in the main window. Any selected segment has a
red contour to distinguish it from the unsel ected segmentswith green contours. From 0 to 2 segments
may be selected at any moment. Selected segments appear in the editing window. A plain click in
the main window will place the newly selected segment in the editing window with the other panel
empty. The segment can then be split, if that is the user’sintention. If not, another segment can be
placed alongside the first in the editing window by selecting a second segment in the main window
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with a shift-click. The two segments may then be merged or otherwise edited, as described above.
The editing window is not modal. Any changes made to the segmentsin the editing window are
immediately reflected in the main window. Modal interfaces tended to confuse users.

Undo Support

Thoughthe editing interfaceisrich enoughto easily compensate for any conceivable editing mistake,
our testors universally requested undo support. The power and simplicity of a good undo model
cannot be overstated. We therefore implemented two levels of undo support: fine and coarse. All
undoable operations can be redone.

Thefinelevel undo operateswithin the editing window during the process of selecting pixels. As
described in Figure 2.4, pixels are selected by encircling them with a contour drawn with the mouse.
The contour is a polygon defined by a sequence of points laid down by the user. By dragging the
mouse, the user lays down points at a rapid rate to provide the illusion of a smooth contour. Single
mouse clicks lay down single points, so that piecewise linear contours are easy to construct. The
fine level of undo permits the user to remove the most recent point of the contour. The contour can
be undone back to the first point of the contour.

Completing a contour in the editing window, which causes pixels to move from one pane to the
other, defines the undoable unit for the coarse level of undo. At this point, the fine level undo/redo
operations are no longer available. Undo will undo the entire pixel-move operation. The segmen-
tation is evolved by a sequence of such operations, and these can be undone and redone without
limit.

Pan and Zoom

Both windows support flexible pan and zoom. Since the contours drawn by the user to select pixels
in the editing window conceptually fall between pixels, we do not smooth the zoomed image in
order to keep the task clear. With a 2x to 3x zoom, virtually any contour can be drawn at pixel
accuracy with modest practice. Note that the two panesin the editing window are linked to the same
scrollbars, so that they pan in unison.

Discussion

After afew hours of practice, subjectswere ableto segment an imageto single-pixel accuracy in5to
30 minutes, depending on the complexity of the image and the subject’s ability. Our fastest subjects
were consistently 2-4 times faster than our slowest subjects. Had we been more resource limited in
the project, we could have retained only the more efficient subjects because it was generally obvious
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after 5 hours of work how fast the subject would be. In all, considering the tedium of the task, we
were greatly pleased at the efficiency they achieved.

One of the greatest motivations for us to build a custom tool in Java was that it can be run
from virtually any computer over the Internet. Some subjects were approved to work at home,
which allowed us to support 30 subjects with alab of only four PCs. We had hoped to recruit more
subjects over the Internet, perhaps providing motivation with a reward or prize. However, the task
of segmenting an image is a bit too time-consuming and the learning curve too long for this option.
Our time was better spent training a smaller number of dedicated, paid subjects.

The issue of discontinuous segments was a problem for many of the subjects. Few seemed to
understand the utility of the concept, and discontinuous segments were not used consistently by
any subject. These consistency problems are probably a deficit of the tool itself, asit is difficult to
distinguish a discontinuous segment of two pieces from two separate segments in the main window.
(In the editing window it is very clear, since each panel always contains zero or one segments.)
When using the segmentation data we recommend breaking up all discontinuous segmentsinto their
connected components, which iswhat we do for all our experiments.

2.1.3 Image Selection and Presentation

| selected 1020 images from 30,000 images in the Corel image dataset. The images were chosen
to be a representative sampling of the wide variety of images in the Corel dataset, with synthetic
and abstract images removed. We deemed synthetic images, such as images of marble texture,
and abstract photographs, such as images of the reflections of neon signs in wet sidewalks, to be
inappropriate for our segmentation task, since those images do not contain distinct objects. The
majority of the images are of animals in natural scenes, but there are also many images of people,
man-made structures, and urban scenes. Figure 2.6 shows a representative sample of the image set.

The segmentation tool was set up as a client in conjunction with an image server. Subjectswould
log into the system using their unique subject 1D. Each time the subject would request a new image
to segment, the tool would contact the server to request atask. The server would choose a random
image while imposing certain constraints on the choice:

1. The subject should not see any image more than once.

2. Each image should be segmented by multiple subjects, but as few images as possible should
be segmented by exactly the same group of subjects.

3. No image should be segmented more than N times.

4. Images that have been segmented by other subjects were given priority, so that we obtain a
stream of “completed” images as time progresses.
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Figure 2.6: Example Images. 36 randomly selected images from the dataset. The images are of
complex, natural scenes with awide variety of subject matter.
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Figure 2.7: Image Presentation. Examples of the three ways images were presented to subjects.
() Color, (b) Grayscale, (c) Inverted and negated grayscale (“invneg”). The dataset contains 5555
color segmentations of all 1020 images, 5554 grayscal e segmentations of the 1020 images, and 486
inverted-negated segmentations of 102 images. We may determine what role color had in the sub-
jects' task by comparing the color and grayscale segmentations. The inverted-negated transforma-
tion is intended to disrupt high-level cues involving shadows, reflections, perspective, and familiar
configuration, without changing the low-level statistics of the images.
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The images were placed in a canonical random order. For each image request, the server would
choose randomly from the next W images that satisfied the constraints, where the window size W
was set to 100. The client-server architecture was ideal because we could vary the constraints over
time to match the throughput achieved by our subjects. Completed segmentations were also sent to
the server, facilitating automatic backup of the data.

In addition to picking the image for a subject, the server would choose a presentation mode.
Figure 2.7 shows the three ways in which images were presented to the subjects for segmentation:
full color, grayscale, and inverted-negated grayscale. The subjects could not change or choose the
presentation mode of theimage. The server would chooseit randomly, ensuring that each image was
segmented the appropriate number of times in each presentation mode. The server was configured
to have each image segmented not more than five times in color and grayscale, and to have each
tenth image segmented not more than four times inverted-negated.

2.1.4 Data Structures

The advantage of the custom tool was that it produced an explicit partition of the pixels of animage
into digoint sets. The segmentations were stored in this manner, as a map of pixels to segment
numbers. In addition to the segmentation data, each segmentation file contains the subject's ID, a
timestamp marking the creation time of the segmentation, and the presentation mode.

215 TheDataset

In al, after 8 months of data collection from 30 subjects, we have 11,595 segmentations of 1,020
images. There are 5,555 color, 5,554 grayscale, and 486 inverted-negated segmentations. Every
image is segmented a minimum of 5 timesin color and 5 times in grayscale. Every tenth imageiis
segmented ~4 times inverted-negated. Figures 2.8 and 2.9 show example segmentations.

2.2 Dataset Integrity

AsFigures 2.8 and 2.9 shows, the segmentati ons produced by different humansfor agivenimage are
not identical. But, are they consistent? The integrity, and indeed the utility, of the dataset depends
on a positive answer to this question.

2.21 Human Variability

Ignoring for the moment differences that arise from boundary localization errors, two subjects may
segment an image differently for any of several reasons:
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a

Figure 2.8: Example Human Segmentations |. Segmentations randomly selected from the dataset.
Each row contains three segmentations of the image in the first column by three different subjects.
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Figure 2.9; Example Human Segmentations I1. Segmentations randomly selected from the dataset.
Each row contains three segmentations of the image in the first column by three different subjects.
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Different percepts. If two subjects perceive the same scene in two different ways, then they may
see different objects and produce different ssgmentations.

Attention. Subjectsmay attend to different parts of the sceneto different degrees, and may therefore
over-segment (in arelative sense) the objects of focus, and under-segment the objectsto which
they did not attend.

Refinement. Two subjects may segment an image identically in all regards, except that one subject
may divide objectsinto smaller piecesthan the other subject did. In other words, subjects may
segment at different granularities.

Thelast two effects produce variation between segmentations, but not inconsi stencies. We would
like to show that the variation in the segmentation dataset is predominantly caused by these two
effects, and that the effect of different perceptsis non-existent, or at least minimal.

Our working hypothesisisthat all subjects share the same percept, and each subject’s segmenta-
tion isasample from that percept. Under the assumptions discussed previously — namely, ignoring
translucence and shadows — we can model any perception of a scene as a tree. Consider Fig-
ure 2.10. Theroot of the tree represents the entire scene or image, and each pixel is represented by a
leaf node. Theinternal nodes and their connections provide a complete hierarchical decomposition
of the image into object groups, objects, and object parts. This hierarchy is akin to Palmer’s whole-
part structure [50] as a model for the perceptual organization of a scene. We will call this tree the
percept tree.

The segmentation that a subject producesis aflat decomposition of the image into pieces. This
segmentation must represent a cut through the subject’s percept tree. Figure 2.11 shows an image
from the dataset, and three subjects’ segmentations of the image. The segmentations are far from
identical, but do not seem contradictory. The reason is that each segmentation (and hopefully the
reader’s percept also!) is consistent with a single percept tree, and al the differences can be ex-
plained by selective refinement. Note that two segmentations may be refinements of each other in
different regions of the image. We term this mutual refinement.

Our hypothesisis that there exists a single percept tree that can explain al subjects’ segmenta-
tions of an image. Why do we not suppose that all subjects share the same percept tree? Although
the flat decomposition of an image into objects and object parts seems relatively unambiguous, the
grouping of objects at the top levels of the tree is quite subjective. Objects may be grouped by any
number of valid criteria, such as physical appearance, function, scene interaction, or depth ordering.
Fortunately, permutations of the tree that occur above the level of the cut represented by a subject’s
segmentation cannot change the segmentation. Since we instructed the subjects to segment below
the object level, different subjects’ interpretations of how to group objects should not be observable
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Figure 2.10: Percept Tree. The percept tree depicts the hierarchical decomposition of a scene that
is presumably present in its percept. The root of the tree represents the entire scene, or image.
Each image pixel is aleaf in the tree, although the figure shows only the top three levels. The tree
represents the hierarchical grouping of pixelsinto object parts, object parts into objects, and objects
into groups.
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Figure 2.11: Examplesof Refinement. Refinement characterizes most of the variation in the dataset.
(a8 An image from the dataset along with one possible percept tree. (b)-(d) Three subjects’ seg-
mentations of the image with the subset of the percept tree that the segmentation represents. Al-
though these three segmentations are superficially different, they do not seem inconsistent with each
other. This is because they are all readily explained by the same percept tree. All of the objects
are segmented consistently; it is simply the degree to which each subject further segments, or re-
fines, each object that changes. Note that mutual refinement is common, when two segmentations
are refinements of each other in different regions of the image. Figure 2.12 shows an example of
segmentations that do not share a percept tree.
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Figure 2.12: Example of Inconsistent Segmentations. This figure shows two additional segmenta-
tions of the image used in Figure 2.11. In this case, the two segmentations are not consistent with
one another because there is no single hierarchical decomposition of the scene that can explain both.
The inconsistency is manifested as overlapping, rather than nested, segments. The right subject’s
shadow segment spans two rock segments in the left subject’s segmentation.

in the dataset.

2.2.2 Human Segmentation Consistency

Itis often stated that segmentation is an ill-posed problem. We will show that thisis not the case by
showing that segmentations of the same image by different subjects are consistent with each other.
If two segmentations are consistent, then they are each cuts through some percept tree. In this case,
if we pick a pixd in the image and consider the segment in each segmentation that contains that
pixel, then the two segments must have a subset relationship. If one segment does not contain the
other, then the there can be no common percept tree, and the segmentations are inconsistent. We
can formulate a segmentation error measure based on these ideas that tolerates refinement but not
overlapping regions.

First we define a quantity E(S;,S2,p) caled the local refinement error, which measures the
degree to which two segmentations S; and S, agree at pixel p. Let R(S, p) be the set of pixelsin
segmentation S which are in the same segment as pixel p. Where | - | denotes cardinality and -\ - set
difference,

E(S1,8,pi) = |R(S1,pi)

2.2)

26



2.2. DATASET INTEGRITY

Note that this quantity is not symmetric: it is defined in two directions at each pixel. E(S1, S2, p;)
is 0 when S, is a perfect refinement of S,, and 1 when S, is disjoint from S,.1 We will consider
two ways to combine the pixelwise errorsinto an overall segmentation error measure, depending on
what type of refinement we would like to permit.

Local Consistency Error permitsrefinement in different directionsin different parts of theimage:

1
LCE(S1,52) = n Zmin {E(Sh So,pi), E(Se, Slapi)} (2.2)

Figure 2.13 depictsthe computation of LCE for apair of segmentations. The error measure penalizes
both boundary localization error and refinement error in a soft manner.

Global Consistency Error (GCE) forces al local refinements to be in the same direction, i.e.
from one segmentation to the other:

1
GCE(Sla 52) = E min {ZE(Sla S2api)a ZE(527 Slapi)} (23)

Note that GCE is stricter than LCE, so GCE>LCE. Since mutual refinement is common in the
dataset, and since mutual refinement does not produce the perception of inconsistency, we favor the
L CE measure over the GCE measure. It is worth noting that no qualitative result changes when we
use GCE instead of LCE.

In addition to being tolerant to refinement, a segmentation error measure should also have the
following properties. (1) Independence from the coarseness of pixelation, (2) Robustness to noise
along region boundaries, and (3) Tolerance to different segment counts between the two segmen-
tations. Both measures clearly satisfy (1). They also satisfy (2), since the error measures pool the
local refinement error over the interior of regions. Property (3), however, is a potential problem.
Degenerate segmentations that have either 1 region for the entire image or 1 region per pixel will
have a zero L CE when compared to any other segmentation. Although these extreme cases will be
a concern when we later attempt to use these error measures to compare machine segmentation to
the human segmentations, they are not a problem for validating the dataset. At this point, we care
only that the human segmentations are consistent with each other. Excessive refinement does not
represent an inconsistency and is uncommon in the dataset anyway.

Thetop pandl of Figure 2.14 shows the distribution of L CE over the dataset for both same-image
and different-image pairs, comparing pairs of color segmentations. If the measure is meaningful and
the data consistent, then we expect the same-image and different-image distributionsto be separable.
We see that the distributions for same-image pairsis as desired: it is unimodal and peaked at zero

1But they must share at least 1 pixel.
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Sl 52

E(S1,52) E(S2,51) LCE(S1, S2)

Figure 2.13: LCE Computation Example. Given two segmentations S, and S», we first compute
the local refinement error images E(S4, S2) and E(S-, S ), which measure the degree to which one
segmentationis arefinement of the other segmentation at each pixel. The pixelwise min of these two
images yields the L CE image, and the average pixel value of the L CE image gives the L CE measure
for these images, in this case 0.082. Pixel values are zero (white) in areas of perfect refinement, and
1 (black) in areas of inconsistent overlap.

28



2.2. DATASET INTEGRITY

Color

Grayscale

Inverted-Negated

Figure 2.14: Distribution of LCE. The distribution of local consistency error (see Equation 2.2) for
pairs of human segmentations. The solid lines show the distributions for segmentations of the same
image; the dashed lines show the distributions for segmentations of different images. The fraction
of overlapis shown below the legend as Bayes Risk (BR). The labeled vertical dotted lines mark the
median values for each distribution. The first graph shows color segmentations compared to color
segmentations; the second graph shows grayscale segmentations compared to color segmentations;
the third graph shows inverted-negated segmentations compared to color segmentations. The hu-
man segmentations show a great deal of consistency, with the same-image distributions peaked at
zero error. The grayscale and color segmentations are nearly identical, while the inverted-negated

20

0.042

0.3

segmentations show significantly higher error.
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Figure 2.15: Example Pairs at Various LCE. Some examples of segmentation pairs at five values
of LCE. In the same-image column, we see more agreement at lower LCE values. The different-
image pairs do not seem to show the same trend, because of the problem L CE has with degenerate
segmentations. The rightmost segmentation in the first row will compare favorably with nearly
any other segmentation because all the segments are very small; any other segmentation is a good
refinement of it. The same problem is present for the different-image pairs at LCE=0.05. The
different-image pairs at LCE=0.1 show a fortuitous alignment of the figure in the center of the
image.



2.3. DISCUSSION

with alight tail, with amedian value of 0.042. The different-image pairs havelarger error on average
(0.3), so that the two populations are separable with a Bayes Risk of 4.7%. It is a bit disappointing,
however, that there is asignificant density of different-image pairs below the Bayes threshold. What
do these pairs look like? Figure 2.15 shows both same-image and different-image pairs at a range
of LCE values. The figure confirmsthat lower L CE correspondsto greater consistency, and that the
different-image pairs with low L CE correspond to somewhat degenerate segmentations.

In addition to comparing pairs of color segmentations, Figure 2.14 shows the result of compar-
ing grayscale to color segmentations (middle panel) and inverted-negated to color segmentations
(lower panel). The progression from color to grayscale to invneg represents a monotonic decrease
in information: first, we remove color, and then we remove some high-level cues relating to per-
spective and familiar configuration. We would like to know what effect these presentation modes
had on the segmentation task. Though there is a miniscule increase in error 0.042 to 0.043 from
color to grayscale, the error increases significantly to 0.051 for the inverted-negated segmentations.
This supports our intuition that removing color should not affect the subject’s task of segmenting the
image. In contrast, the inverted-negated transformation was successful at removing some high-level
information. Further study is needed to determine the nature of the lost information.

2.3 Discussion

We learned a few lessons in this endeavor that may be useful to those who might build similar
datasets in the future.

2.3.1 Dataset Parameters

The first set of issues relates to the basic parameters of the dataset. Did we use enough images?
Did we have enough segmentations per image? What was the utility of the grayscale, color, and
inverted-negative modes of image presentation?

There is no doubt that in the future, a dataset of 1000 images will seem small. However, at
this time, we have found 1000 images to be sufficient. This judgment is based more on the practical
limits of current computing power than on the information content of the dataset. M ost segmentation
or boundary detection algorithmstake minutes or hours of CPU time per image. Evaluation of these
algorithms requires many executions per image. Even with the U.C. Berkeley Millennium cluster at
our disposal —a PC cluster containing 250 CPUs with atotal of 150GB of memory and an aggregate
125 GHz — we are pressed to use all of the images in our benchmarking work. This issue will
disappear over time as computers continue their exponential speedup, and so the more interesting
guestion relates to the content of the data. Do the 1000 Corel images capture enough of the variation
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in the world?

The general answer to this questionis surely not, but it depends on the task. We have been using
the dataset primarily to exploreissuesin low-level vision having to do with boundaries and texture.
The 1000 481x321 pixel images provide 150M pixels total. If we are concerned with the statistics
of local image patches, the dataset appears to be large enough. However, the more high-level the
task, the smaller the dataset will seem. Our future experience with this data will provide guidelines
for how much data one needs for higher-level studies.

As for the number of segmentations per image, again the answer depends on the task. The
work in subsequent chapters requires only that the dataset contain statistical trends that distinguish
boundary pixels from non-boundary pixels. Even one segmentation per image would provide this
information. If one requires a canonical segmentation for an image that does not miss any objects,
then our dataset will be sufficient only for the images that are not too complex. When using the
data, it is important to remember that the subjects’ segmentations provide a sampling from the full
segmentation tree, and so the segmentations should be interpreted in a probabilistic framework. It
would certainly beinteresting to attempt to construct amore strictly structured dataset that contained
less inter-subject variation.

What about the different presentation modes? It appears that color played very little role in the
task performed by the subjects. In retrospect, this is not terribly surprising. The subjects viewed
each image for many minutes, during which time they were able to construct a complete mental
model of the scene. Thereis no evidence that color is required for this type of task. Color would
likely affect more short-term tasks related to the first object of focus, or more complex tasks such as
judging the ripeness of fruit, but color should not greatly affect the basic perception of the structure
and spatial arrangement of objects.

The inverted-negated segmentations are potentially moreinteresting. The intention of thistrans-
formation was to leave low-level image statistics unchanged, and to disrupt various mid-level and
high-level cues related to the processing of shadows, the perception of depth, and the special treat-
ment of familiar objects and configurations. Some images are difficult to decipher wheninverted and
negated, but most are not. One is generally able to mentally undo spatial inversion. Many objects,
such as leaves and rocks, have no preferential orientation to start with, so inverting the image has
little effect on them. Negating pixel values, on the other hand, is far more disruptive, since human
perception is not based simply on local luminance differences. For example, shadows are dark and
often not consciously perceived, while shadowsin an inverted image are white and become difficult
toignore. It is possible, then, that shadows are more often marked in the inverted-negative segmen-
tations. Qualitatively, this claim appears to be true, but we do not have any quantitative measures
to proveit. In general, the effects of the inverted-negative transformation are difficult to analyze
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because our ahility to quantify mid-level and high-level vision conceptsis so limited. However, we
have found the inverted-negated segmentations to be both quantitatively different (at the low-level)
and qualitatively different than the color and grayscale segmentations.

2.3.2 Task Description

We made every attempt to use naive subjects untrained in computer vision to get unbiased data. In
addition, the subjects’ instructions were intentionally high-level to keep the task rooted in lay terms.
Despite these precautions, subjects still asked questions we did not want to answer.

Shadows and refl ections were a popular issue. Should they be segmented? Are shadows objects?
Some subjects were content to ignore shadows completely. Others would seem to fixate on the
shadows and treat them as first-class objects. Perhaps artistic training played a role? One wonders
how often shadows are perceived by truly naive subjects. Reflections areless common in our dataset,
but the same issues arose. When pressed, we suggested that shadows and reflections be segmented
if they seemed “visually important”.

Translucence was a more frequent phenomenon than expected, arising in the form of sparse
vegetation. Objects partially occluded by sparse vegetation are often easily perceived. The amodal
completion performed by the human visual system seems particularly strong in this situation, where
occlusions are many, but the gaps short. The perception is one of translucent vegetation, though
strictly speaking the vegetation is not translucent. When the fine structure of vegetation falls below
the image resolution, pixels cannot be divided between the vegetation and the occluded object. A
layered model would be appropriate in this situation.

Human bodies were another interesting issue. Most of our subjects would systematically under-
segment (from our perspective!) human figures. We would often get a single segment for each
human in the image, even when the person’s different pieces of clothing were the most distinct
regions in the image. There is no inconsistency here, but other objects were not treated with such
reverence. It is not surprising that human figures would receive special treatment by our perceptual
systems, and the nature of this special treatment warrants further study. One possible explanation is
that human figures can be segmented using two rather different hierarchies: one based on body parts
and one based on clothing. The whole figure is the common ancestor of two conflicting perceptual
hierarchies, and our subjects were uncomfortable either choosing one over the other or mixing the
two. We explicitly instructed subjectsthat if they were to divide a human or animal into pieces, their
segmentation should be based on visual appearance and not body parts.

Faces seemed to receive more scrutiny by our subjectsthan any other object class. Some subjects
would routinely mark the eyes and mouth (and sometimes eyeballs and teeth) of any face in the
image — human or animal — even when those regions were very small. | reminded subjects with
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this tendency of the instructions to ensure that all segments should be of “approximately equal
importance’.

The final area in which subjects seemed to disagree was in the segmentation of background
regions. The Corel images are not random images. They are “interesting” photographs, often with
central figural objects at the camera’s focal depth. Backgrounds are consequently often a bit out of
focus. Some subjects would segment only the figural objects, while some would also segment the
background. We encouraged subjects to attend to all areas of the image.

2.3.3 Subject Training

One of the motivations for writing the segmentation tool in Java was that it could be run from any
computer connected to the Internet, and some subjects were permitted to work from home once
they had demonstrated sufficient aptitude. We had plans to recruit subjects on the Internet, enticing
people to segment images for us with prizes, eye candy, or simply the knowledge that they were
advancing human understanding. This|latter motivation actually worked for the NASA Clickworkers
project [54], where subjects annotated craters on the surface of Mars.

Unfortunately, our segmentation task proved too complex (and boring) to rely on charity. The
training proved more involved than we expected, and so we valued our trained subjects highly.
However, the staggering scale of the Internet offers a source of human subjects provided the task
is fast and requires little training. More focused projects than ours might be able to leverage this

resource.

2.4 Future Work

The inverted-negated protocol is simpleto use in an experiment, but we have not found satisfactory
use for the data yet. One reason, perhaps, is that our data representation is too simple, so that we
cannot identify the high-level patternsin the data that the inversion-negationis designed to disrupt.
For this reason, and because each is independently worthy of study, future datasets should address
some of the following issues:

e Layers. Translucent objects, sparse vegetation, and shadows break our strict one segment per
pixel model. Permitting a pixel to belong to multiple segments, perhaps in alayered model,
would avoid some of the problemswe had with these issues.

e Shadows. Shadows are important enough to be segmented and tagged separately from the rest
of the scene.
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e Shape and Figure-Ground. One could study the depth-ordering of objects by labeling the
figure and ground sides of each segmentation boundary. In addition, it is difficult to study the
shape of objects without knowing to which object a contour belongs. We are currently adding
figure-ground annotations to the segmentation dataset.

e Hierarchies. Segmentation isinherently hierarchical, so it would make sense to have subjects
construct the hierarchy that they perceive. This additional information could be added to the
current dataset through annotation, though thereis not always a single hierarchy for an object.

2.5 Conclusion

We have presented a new dataset of segmentations of natural images by naive human subjects con-
taining ~ 12,000 segmentations of ~1,000 images. The images are taken from the Corel dataset. As
aresult, the images are of complex, natural scenes with no bias towards simplicity. The “difficult”
phenomena of shadows, multiple scales, and texture are ubiquitousin the dataset, asthey arein the
natural world. The procedures we used to construct the dataset are fully disclosed in this document.
In addition to the dataiitself, our segmentation tool is available for download from the Internet.

Although the segmentations of an image by different subjects are often superficially different,
they appear qualitatively consistent. It is inconceivable that we would get identical segmentations
from different subjects, due to the complexity of the task. However, assuming that the subjects
share the same percept, segmentations of a single image should form an equivalence class. Our
model of inter-subject variation is based on the notion of a common percept, so that the variation
is characterized by refinement along with small boundary localization errors. The segmentation
error measure LCE permits variation that can be explained by refinement, and penalizes all other
sorts of variation. The data supports this as a model for human variation, verifying both that the
dataset is consistent and that the error measure is a useful means of comparing two segmentations
for equivalence.

Since there are multiple segmentations per image, the dataset does not provide a single ground
truth segmentation for an image. Instead, it isthe collection of human segmentationsthat constitutes
the ground truth. Two of our motivations for constructing the dataset were to (1) show that the seg-
mentation task is well defined, and (2) to provide a quantitative means of evaluating segmentation
algorithms. Inthis chapter, we have shown that the task isindeed well defined by measuring the con-
sistency of the human subjects. Since the subjects are consistent, we can use the dataset as the basis
for a benchmark. The next chapter will treat the issue of finding good measures for benchmarking
in detail.

With the introduction of alarge segmentation dataset, we have laid the foundation for the quan-

35



CHAPTER 2. A DATASET OF HUMAN SEGMENTED NATURAL IMAGES

titative evaluation of segmentation and boundary-detection algorithms. The dataset is also a rich
source for the statistics of the boundaries and regions perceived by humans; it is likely to contain
much information useful for developing computer vision algorithms, as well as understanding hu-

man vision. We look forward to its use by the scientific community.
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Chapter 3

Segmentation Consistency M easures

In the previous chapter, we used a region-based segmentation consistency measure to determine
that different segmentations of the same image by different subjects are consistent. The measure
of consistency was based on the observations that segmentations are sampled from a perceptual
hierarchy and that differencesbased on refinement are consistent with asingle percept. Thisleniency
was required because we did not have any control over the granularity of the segmentations provided
by the human subjects.

One of the primary goals of constructing the dataset was to provide a means of benchmarking
various grouping algorithms. These algorithmsinvariably have a parameter that control sthe scale of
grouping, since scal e-selection remains a difficult and unsolved problem. To more robustly evaluate
an agorithm, we therefore choose to evaluate it over all choices of its scale parameter. At each
parameter setting, we will measure the degree to which the algorithm output predicts the human
data.

In this task, our primary concern is one of discriminating more effective algorithms from less
effective ones. We have found that instead of focusing on refinement as we did in Chapter 2, we get
more robust measures of performance by testing an algorithm’s output against the human data for
equality. Though for any single image, one human subject may over-segment one area compared to
another, this effect is greatly reduced if we use al subjects’ segmentations of an image asthe ground
truth.

This chapter presents the evaluation techniques that we use in subsequent chapters to evaluate
algorithms. Both boundary-based and region-based techniques are presented. Thetechniqueswill be
illustrated in this chapter by comparing human segmentations to each another, in the same manner
as in the previous chapter. This will simplify the presentation, while at the same time providing
further evidence for the consistency of the segmentation dataset.
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3.1 Statistical Methods

Before delving into the details of the various segmentation consistency measures, it will be useful
to review two statistical evaluation techniques that will arise repeatedly in the remainder of this
dissertation. Both techniques provide the means of comparing a classifier's output with the human
ground truth dataset in order to quantify the classifier's performance.

3.1.1 Mutual Information

Assume that we can formulate a particular vision problem as a binary classification task, so that the
ground truth human data provides the ideal classifier output S € {0, 1}. An agorithm will produce
S, an estimate of S computed from theimage data. In order to evaluate the accuracy of the estimate,
we can compute the mutual information I between the classifier output S and the ground truth data
S. Given thejoint distribution p(z,y) = P(S =, S= y), the mutual information is defined as the
Kullback-Liebler divergence between the joint and the product of the marginals:

L&) — 2 ) log LE&Y)
Ny L 31)

The mutual information is non-negative. Higher values connote greater agreement with the ground
truth, and therefore a better classifier.

Notethat S is binary valued. If S is provided by a human segmentation that has been removed
from the ground truth dataset — as is done in this chapter — then S will also be binary valued. If,
however, S is provided by an algorithm, then it may be real-valued. In a probabilistic framework,
for example, S € [0, 1]. In this case — which we will seein |ater chapters— we compute the joint
distribution by binning the classifier's soft output.

3.1.2 Precision-Recall Curves

Though an information theoretic approach such as mutual information can produce a useful method
for ranking algorithms relative to one another, it does not produce an intuitive performance measure.
Thus, we turn to aricher evaluation tool: precision-recall curves. A standard evaluation technique
in the information retrieval community [58], we have found the precision-recall framework to be
both effective and intuitive. Furthermore, it is more appropriate for our purposes than the related
receiver operating characteristic (ROC) curve or the Bayes risk, which is a summary statistic of
the ROC curve. The problem with the ROC approach is that it considers the total error made by a
classifier, from both classes weighted equally. When the classes are not balanced, the dominant class
iseasier to detect, and performancereported by ROC curves can be grossly exaggerated. In contrast,
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precision and recall focus on the rarer class, and therefore do not reward the correct detection of the
€asy common case.

A precision-recall curve is a parameterized curve that captures the trade-off between accuracy
and noise as adetector’sthreshold varies. Precision isthe fraction of detectionsthat are true positives
rather than false positives, while recall is the fraction of true positives that are detected rather than
missed. In probabilistic terms, precision is the probability that the detector’s signa is valid, and
recall is the probability that the ground truth data was detected.

Thesetwo measuresare particularly meaningful for aclassifier that isadetector of asparsesignal
X, so that the two classes are X and X. For such a detector, we are interested in how many true X
were missed (recall), and how many declared X were true (precision). A downstream application
may be characterized in terms of how much true signal is required to succeed and how much noise
can be tolerated. Recall gives the former, and precision the latter. A particular application can
define arelative cost o between these quantities, which focuses attention at a specific point on the
precision-recall curve. The F-measure [58], defined as:

1
F =
aP1+(1—-a)R™!

(3.2)

capturesthistrade-off as the weighted harmonic mean of P and R. The F-measureis valued between
0 and 1, where larger values are more desirable. The location of the maximum F-measure along a
precision-recall curve providesthe optimal detector threshold for the application given a;, which we
set to 0.5in our experiments. The curve's maximum F-measure can be used to characterize the curve
with a single number. When two precision-recall curves do not intersect, the F-measure is a useful
summary statistic.

In this chapter we will compare human segmentations to each other, so the “detector” will be
binary valued. In this case, varying the detector threshold has no effect on precision and recall,
so the precision-recall curve degenerates into a single point. In later chapters when we consider
algorithmic detectors, we will see full precision-recall curves.

3.2 Boundary-Based Segmentation Consistency

By discarding segment membership information, a ssgmentation can be regarded as simply abound-
ary map. Are the subjects consistent when the segmentations are compared as boundary maps? We
developed a boundary-based error measure with an eye towards later needing a way of comparing
machine-generated boundary maps to the human segmentations.
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3.21 Correspondence as Minimum-Cost Assignment

Given two segmentations, we will correspond little pieces of boundary, or edgels. An edgel is an
oriented edge fragment which has an image-plane position (x, y, #), and a length equal to 1 pixel
unless otherwise noted. The error will be the proportion of edgels that cannot be corresponded. The
naive approach of simply corresponding collocated edgels will not work. As we wish to remain
tolerant of localization error along boundaries, the matching must be soft with respect to position.
Consequently, weresort to bipartite matching, where the cost of matching two edgelsis proportional
to their similarity in terms of spatial |ocation and orientation.

The segmentations represent a partition of the pixelsinto digoint sets. Any two adjacent pixels
that are not in the same segment generate an edgel that is the boundary between the two pixels. The
edgel itself has orientation # = 0 or § = 7/2, but that is not the orientation we will use. Instead,
we estimate the true boundary orientation as shown in Figure 3.1. Since we know the segment
membership of each pixel, we can follow the segmentation boundary s steps in each direction out
fromthe edgel of interest, continuing aslong asthe segments on each side of the boundary remain the
same. Note that the search will stop at junctions because segment membership changesthere. | used
s = 4 to get the local edgel neighborhood of the edgel whose orientation we wish to estimate. The
cloud of points given by the edgel centroidslookslikethe local boundary itself. Thefirst eigenvector
of the covariance matrix of these points yields the direction of maximal variance, and therefore the
orientation of the boundary. Though we have no baseline with which to evaluate the orientation
estimates, qualitative inspection verifies that the boundary orientations are estimated accurately at
all but the highest curvature points, even at junctions.

We now need to measure the similarity between two segmentations represented as bags of ori-
ented edgels. Consider the complete bipartite graph where the nodes represent edgels, and the edge
weights are given by the similarity between the two edgels. The minimum-cost perfect matching of
this graph provides a correspondence between the edgel's of each segmentation.

There are a few practical details to work out. First, we must define the edge weights. Without
orientation information, the most natural edge weights would the the Euclidean distance between
the two edgels. In order to match intersections and corners accurately, we augment the edge weights
with an orientation term:

|Af]

w=+vAz%+ Ay®> + « (w—/2> (3.3

The vaue of the scaling parameter « is specified below. Orientation differences |Ad| are limited to
therange [0, 7/2]. A low edge weight requires both spatial proximity as well as similar orientation.
The second practical detail isthat the two edgel sets are not likely to have the same cardinality,
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Figure 3.1: Estimating Human Segmentation Boundary Orientation. The segmentation boundaries
run between pixels. We divide the boundary into edgels, where an edgel is the border shared by two
adjacent pixels. In order to estimate the orientation of an edgel, we find the nearby edgels on the
same boundary. The SVD of the centers of these nearby edgels yields an estimate of the edgel’s
orientation. (a) The original image. (d) The subject’s segmentation. Panels (b) and (c) show the
zoomed views of the areas marked in (a). In (b) and (d), segmentation boundaries are drawn in gray,
and the edgels are drawn in black at their estimated orientation.
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producing an asymmetric assignment problem. The standard trick for asymmetric assignment prob-
lems is to make them symmetric by padding the smaller side with outlier nodes. Edges to outlier
nodes carry large weight, so that they are used in the assignment only when necessary. Nodes that
match with outlier nodes are considered unmatched.

The assignment problem constructed thus far seems good until one tries to implement it. The
problem has 2n nodes and n? edges, where n is the number of edgels in a segmentation. For our
dataset, n commonly ranges from 1,000 to 10,000. Occasionally, we will wish to solve problems
with n = 100,000. The best algorithms [29, 7] operate in the regime between O(n ?) and O(n?),
which is far too slow. By making the problem sparse and using the appropriate sparse algorithms,
we can achieve tremendous speedup.

Thevast majority of edgesin the dense bipartite graph represent high-weight long-range connec-
tions between edgels and are superfluous for our task. We simply wish to find the edgels that corre-
spond out to some small distance/orientation tolerance, and the edgels that don’t. We can therefore
replace the high weight edges with outlier connections without affecting the resulting thresholded
assignment. In order to do this, we need to add outlier nodes on both sides of the graph, not just
the smaller side. At this point, we have a bipartite graph that is extremely sparse between the “real”
nodes, but still dense to and between the outlier nodes.

The overall sparsity has not changed much yet, but fortunately, the density of connectionsto and
between outlier nodes is overkill. The outlier nodes are all identical, and so outlier connectionsin
the final assignment can be freely permuted. This means that we can get away with sparse outlier
connections in the bipartite graph before matching. In fact, we can use a surprisingly small number
of connections per outlier node. The high connectivity properties of expander graphs permit this

optimization.

We use Andrew Goldberg’'s CSA package [19] to solve the assignment problem in time that
appearsto belinear in the size of the graph, and therefore linear in the number of edgels. Goldberg's
min-cost max-flow codes use his push-relabel algorithm [21, 10], which are the fastest available for
the problem. In addition, the codes can easily handle our large problems.

One additional issue complicatesthe graph construction. CSA assumes the existence of a perfect
matching. We adopted Goldberg’s suggestion [20] of overlaying a high-cost perfect matching to
ensure termination. We can then verify that the matching found by CSA does not include any of
these high-cost safety-net edges.

In summary, we compare two segmentations .S; and S» by computing a minimum cost assign-
ment of their oriented edgels. Figure 3.2 illustrates the bipartite graph we construct for the as-
signment problem. An edgel in one segmentation is connected in the graph to edgels in the other
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Figure 3.2: Bipartite Graph for Comparing Segmentations. We can compare two segmentations by
matching edge elements. The figure shows the construction of the bipartite graph for this matching
problem. Thetop panel containsan illustration of the 5 types of edgesin the graph. The bottom panel

contains the adjacency matrix for the graph. The two segmentations .S ; and .S, contributen; = 3664
and ns = 4124 nodes to the graph after pruning isolated edgels. After adding outlier nodes to both
sides, we have a square n x n assignment problem, wheren = n; + ne = 7788. The adjacency
matrix for the bipartite graph has a block structure. Each block contains the corresponding edges
from the top panel. The top-left block (A) contains the sparse local connections between edgels —
the only “real” edgesin the graph. Blocks B and C contain random outlier connections, and block
D contains random outlier-to-outlier connections. The E edges lie on the diagonals of the B and C
blocks, providing the safety-net high-cost perfect matching. The entire matrix has 64,470 non-zeros,

for 0.1% density.
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segmentation only if the Euclidean distance is less than some threshold dma.t The edge weight
is given by Equation 3.3 with o = d ;1. If S; hasn; edgelsnodes on the left side, and S, has
no edgels/nodes on the right side, then we add n, outlier nodes to the left and n; outlier nodesto
the right. The high-cost perfect match overlay is added as parallel connections between nodes and
outlierswith aweight of 20,000* d ... Each “real node” has d additional edgesto randomly selected
outlier nodes with weight 200* d na. Finally, random outlier-to-outlier edges are added so that each
outlier is connected to at least d outliers. We found d = 6 to be sufficient.

3.2.2 Comparing Segmentations

We will first apply the boundary-based error measure to pairs of human segmentations. Given two
segmentations .S; and .S, the error is given by the fraction of edgels that match to outlier nodes.
Note that we get two numbers, since we have outliers on both sides of the match. Consider one of
the segmentations S; to be the ground truth, and the other segmentation .S; to be the signal. The
fraction of matched S; edgels gives us precision, since precision is the fraction of signal that agrees
with ground truth; the fraction of matched S ; edgels gives us recall, since recall is the fraction of
the ground truth contained in the signal:

S; = Signa (3.9
S; = Ground Truth (3.5
R;; = Pj; = Fraction of S; that matches S; (3.6)
P;; = Rj; = Fraction of S; that matches S; (3.7)

These labels for the outliers make more sense when the “signal” is the output of a machine vision
system, as it will be in subsequent chapters. Both precision and recall are valued between 0 and 1,
with larger values signifying greater consistency between S; and S;. Figure 3.3 shows the result of
matching two segmentations from the dataset.

Figure 3.4 shows the distributions of precision and recall for both same-image and different-
image segmentation pairs. Unlike the region-based error measure L CE, neither precision nor recall
is tolerant to refinement, so two segmentations that are perfect mutual refinements of each other
may have precision and recall scores of zero! Precision and recall measure the similarity between
two segmentations as edge maps, so the values will be high only when the two segmentations have

coincident boundary contours.

1We set dmax = 1% of the image diagonal.
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Figure 3.3: Edgel Matching Example. The left column shows the two segmentations .S; and Ss
that we match by corresponding edgels. S, has 2631 edgels, and S has 3355 edgels. The middle
column shows the 2165 edgels that matched. The right column shows the unmatched, or outlier,
edgels—466in.S; and 1190in S,. The F-measureis 0.10.

45



CHAPTER 3. SEGMENTATION CONSISTENCY MEASURES

0.12 0.8

15 0.12 0.8 15
—— Same Image —— Same Image
: — — Different Images : — — Different Images
BR =0.02 BR =0.02
10 10
e 2 2
o 2 2
© ) , o} ,
o 0o N o N
5 1 5f 1
I \ ! \
! \ ! \
i \ ! \
1 \ I \
I \ ! \
N N
0 = 0 =
0 0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1
Recall Precision
15 0.11 0.77 15 0.12 0.81
—— Same Image —— Same Image
: — — Different Images : — — Different Images
BR =0.022 BR =0.021
10 10
[8)
B 2 2
8 2 2
%, 7] A ) .
o ;A (a] ;A
T [ JE
o 5 | \ 5 I \
I \ | \
| \ | \
/ \ ' \
i \\ J \ N
0 =S4 0 =
0 0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1
Recall Precision
15 0.11 0.69 15 0.12 0.77
—— Same Image —— Same Image
: — — Different Images : — — Different Images
'8 BR =0.023 BR =0.025
® 10 10
g 2 2
z 2 2
. [} N [
E o / —‘\ (a] rs
E 5 ! \ 5 ! \
1 ! \
E I \ / \
= I \ I \
I \ Il \
! \\ ! \
0 — 0 e
0 0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1
Recall Precision

Figure 3.4: Distributions of Pairwise Recall and Precision for Edgels.  The left column shows

recall, and the right column shows precision. In each panel, the solid line denotes same-image pairs,

and the dashed line different-image pairs. The median of each distribution is marked with a vertical

dotted line. Thefirst row shows color-color pairs, the second row color-grayscale pairs, and the third
row color-invneg pairs. In each panel, we expect separable distributions because of the consistency
of the human data. Note the similarity between color and grayscale segmentations, and the marked
difference in recall for the inverted-negated segmentations. Lower recall indicates that the color
segmentations contain boundaries that the inverted-negated segmentation do not have. Figure 3.6

shows the same distributions for the |eave-one-out regime.
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Figure 3.5; Distributions of F-Measure for Edgels.
recall shown in Figures 3.4 and 3.6. This measure does an exceptiona job of distinguishing the
same-image and different-image distributions for color and grayscale segmentations with a Bayes
Risk of 0.5%. The discriminative ability of this measure can be attributed to the fact that segmenta-
tions of different images are unlikely to have coincident boundary contours, while segmentations of
the same image seem to share at least 30% of their boundaries. Both the pairwise and |eave-one-out
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methods are equally robust.
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Figure 3.6: Distributions of Leave-One-Out Recall and Precision for Edgels. The layout is the same
as for Figure 3.4. For the different-image distributions, each segmentation is compared to a set of
randomly selected segmentations each from adifferentimage. The size of the set isthe same aswhat
would be used for the same-image comparison. Note the marked increase in precision compared to
Figure 3.4, since aunion of human segmentationsis more likely to contain al the boundaries marked
by the left-out human. Recall decreases dightly for similar reasons. Again we see the same trend,
that the inverted-negated segmentations show lower recall than the nearly indistinguishable color
and grayscale segmentations.

48



3.2. BOUNDARY-BASED SEGMENTATION CONSISTENCY

The left column of Figure 3.5 shows the distributions of the F-measure for same-image and
different image segmentation pairs. The F-measure does a surprisingly good job of distinguishing
the two classes, despite its intolerance to refinement. It apparently takes only a small fraction of
aligned boundariesto identify same-image pairs.

The three rows in Figures 3.4 and 3.5 compare the color, grayscale, and inverted-negated seg-
mentations. In all cases, the color and grayscale segmentations are nearly identical. The inverted-
negated segmentations, however, exhibit markedly lower recall, implying that the color and grayscale
segmentations contain boundaries that the inverted-negated segmentation do not contain.

I'n addition to pairwise comparisons, we devel op aleave-one-out methodol ogy where one human
is compared to the collection of other humans. Given k segmentations {S - -- Sk}, we want a
measure that compares .S; to the set of segmentations S;, @ # j. Here we consider S; the signal,
and the other £ — 1 segmentation the ground truth. First, we compute the matching between each
segmentation pair (S;, S;), ¢ # j. These k — 1 matchingsyield £ — 1 precision and recall scores,
P;; and R;;. The aggregaterecall R; is simply the mean of theindividual recall values.

The leave-one-out precision is more complex. Precision should be the fraction of signal that
matches with the ground truth. We declare that an edgel in S; matches the ground truth if it matches
an edgel in any of the S;. The fraction of such edges yields the precision P; for segmentation S;.
The following summarizes the leave-one-out precision and recall computations:

S; = Signd (3.8)
S; = Ground Truth, Vi # j (3.9
1
Ri=1— Z R (3.10)
i#j
P; = Fraction of S; that matchesany of S, # j (3.12)

The leave-one-out precision and recall distributions are shown in Figure 3.6. Note that both
same-image and different-image distributions have shifted up the precision axis, since the with the
one-to-many comparisons, it is more likely that an edgel in S; matches some edgel in one of the
S;. Likewise, the recall marginals have shifted down, since it is more difficult for S ; to explain all
of the S; than it is to explain only one. The right column of Figure 3.5 shows the corresponding
F-measure distributions. The distributions have shifted, and the Bayes threshold has moved, but the
separability of the distributions remains about the same as in the left column where the comparisons
are between pairs.
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3.2.3 Discussion

This segmentation consistency measure, based on corresponding edge elements, is appropriate for
evaluating machine-generated boundary maps. If an algorithm produces oriented edgels, then the
approach outlined above can be used unchanged. However, many boundary detectors simply classify
pixels as on-boundary or off-boundary. In this case, we can correspond boundary pixels instead of
oriented edge elements, and omit the orientation penalty from the edge weightsin the bipartite graph.
If this approach is applied to the human-human comparisons, the distributions of precision, recall,
and F-measure remain virtually unchanged. Some accuracy is lost around junctions, but the overall
effect is small due to the relative scarcity of junctions compared to boundaries.

3.3 Region-Based Segmentation Consistency

In addition to evaluating algorithms that output boundary maps, we would also like a methodol ogy
for evaluating algorithms that output segmentations. A segmentation al gorithm implicitly outputs a
boundary map, and this boundary map can be evaluated using the method of the previous section,
but a segmentation contains more information than a boundary map. In particular, the boundaries of
a segmentation form closed contours, and so the pixels are divided into digjoint sets. In this section,
we will devel op three region-based methods for measuring segmentation consistency.

Why do we need multiple region-based consistency measures? The reason is that we do not
know a priori which measures will be good for which tasks. Until we have extensive experience
eval uating segmentation algorithms, it is not possible to determinewhich measure, if any, is superior.
For example, we developed the L CE measurein Chapter 2 asaway of characterizing the consistency
of different subjects’ segmentations, but we also hoped to use it as a benchmarking measure. We
discovered, however, that it is not well suited to the benchmarking task because a measure that
permits refinement is too lenient for that purpose.

Consequently, we develop three region-based measures specifically for the task of benchmark-
ing: avariant of LCE in Section 3.3.1, a measure based on mutual information in Section 3.3.2,
and third measure based on precision-recall in Section 3.3.3. Both the mutual information and
precision-recall approaches are based on proven statistical techniquesin computer vision. Until one
of the three region-based measures is proven to be reliable, segmentation evaluation work at this
time should be done using multiple measures to validate resullts.

3.3.1 Region Overlap

The region-based consistency measure L CE, introducedin Section 2.2.2, istolerant to refinement in
either direction at each image pixel. If we smply replace the pixelwise minimum with a maximum,
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Figure 3.7: Distributions of BCE and BCE*. Since BCE does not tolerate refinement, the same-
image comparisons yield higher error than with LCE, resulting in a marginal increase in overlap
between same-image and different-image distributions. By using multiple segmentations as ground
truth, BCE* lowersthe separation and recoversthe peak at zero error. Again, the grayscale and color
segmentations are quite similar, but the inverted-negative segmentations are significantly different
than the color segmentations.
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we get a measure that does not tolerate refinement at all. The problem of degenerate segmenta
tions “ cheating” a benchmark disappear, and we get a measure that penalizes dissimilarity between
segmentations proportional to the degree of region overlap. Applied to pairs of segmentations, the
Bidirectional Consistency Error (BCE) is defined as:

1
BOE(S1,8:) = — > max {E(S1, 52, pi), E(S:, 51,pi) } (312)

In addition to considering the consistency of pairs of segmentations, we can ask if one subject’s
segmentation of an image is consistent with the collection of all other subjects’ segmentations of
that image. The BCE measure is easily extended to the “leave-one-out” regime by computing the
minimum error at each pixel over each ground truth segmentation S :

1
* . — 1 . . . .
BCE*(S;) = n Ez rgn?{max{E(Sj,Sk,pz),E(Sk,SJ,pl)}} (3.13)

Figure 3.7 shows the distributions of BCE and BCE*. The layout of the figure is the same as
in Figure 3.5 on page 47, with color-color comparisons in the top row, gray-color in the middle
row, and invneg-color comparisons in the bottom row. From the left column (BCE), we see that
though the same-image and different-images are till separated, the same-image distribution is not
peaked at zero. The right column of the figure shows the distributions for BCE*. By measuring
consistency with aset of human segmentations, BCE* better capturesthe consistency of same-image
segmentations than BCE: the same-image and different-image distributions overlap less, and the
same-image distributions are peaked at zero error. Once more, the grayscal e and col or segmentations
remain nearly identical, while the inverted-negated segmentations exhibit measurable difference.

3.3.2 Mutual Information

Let us formulate the segmentation problem as a classification task, where we aim to classify pairs
of pixels as belonging to either the same segment or different segments. Given the output of such a
classifier — known as a pixel affinity function — one can perform segmentation by pairwise cluster-
ing. Thisisacommon framework for image segmentation [67,76, 65,68, 13,52,17,72]. To evaluate
such an approach, we can evaluate the affinity function itself before clustering takes place, indepen-
dent of what particular clustering method may be used. Any improvement to the affinity function
will certainly ease the clustering task.

We need to compare a machine-generated affinity function Sij to the ground truth affinity S;;,
where S;; = 1 when pixelsi and j belong to the same segment, and zero otherwise. If we compare
the machine affinity S to only one human segmentation at atime, then the ground truth affinity S is
given directly by the segmentation. We can compare S to aset of human segmentations by declaring

52



3.3. REGION-BASED SEGMENTATION CONSISTENCY

Pairwise

Leave-One-Out
Qo2 o021 ‘ ‘ QUL 025 ‘ ‘
—— Same Image —— Same Image
I — — Different Images \' — — Different Images
20 1 BR=0.064 4 20F1 BR =0.022
I
1
I
1
I
o 215 ‘\ 2150
I
3 5 g |
I
O SR 0O 10f
1
1
1
1
! I
51 5F
! \
! \
0= o=
0 0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1
Mutual Information Mutual Information
fo2 oz ‘ ‘ QUL 025 ‘ ‘
—— Same Image —— Same Image
I — — Different Images “ — — Different Images
20 \ BR=0.067 4 20F1 BR =0.023
|
1
|
q-) ! 1
|
< 215 2150
8 a 1 7l |
c . c |
g 4 S 1o |
© [aET) ‘l [SET]
G | |
! 1
5p 5(
\\ \
\
0= 0
0 0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1
Mutual Information Mutual Information
2(9 012 Q 22 T T T 2?'011 012 T T T
—— Same Image —— Same Image
| — — Different Images — — Different Images
'8 t BR =0.087 20F BR =0.048
157 4 I
® ! |
\ i
D s | -
E= A
Z. 210} 2 |
[ 1 [} 1
-8 o \ 0 10k
= \ !
o) g ! \
\ |
E \ 5F 1
—_ \ \
: T ~—
0 = 0 =
0 0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1
Mutual Information

Mutual Information

Figure 3.8: Mutual Information Distributions for Pairwise Affinity. In all cases, the ground truth
is given by color segmentations. The left column shows the comparison for segmentation pairs, and
the right column for leave-one-out comparisons. Either color (top row), grayscale (middle row), or
inverted-negated (bottom row) are compared to the ground truth, and both same-image (solid lines)
and different-image (dashed lines) distributions are shown in each panel. Median values are marked
with avertical dotted line. As expected, the different-image distributions are steeply peaked at zero,
with better separation in the right column. The grayscale and color segmentations appear to have

identical mutual information, while the inverted-negated segmentations share less information with
the color segmentations.
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S = min; S*, so that a pixel pair is declared same-segment only if every subject k& declared it to be
same-segment.

We will explore both approaches by comparing human segmentations to each other. In the first
case, we will compare pairs of segmentationswhere the ground truth is always a color segmentation,
and the “signal” is either a color, grayscale, or inverted-negated segmentation. In the second case,
the ground truth will be given by the set of color segmentations of an image, while the signal is till
asingle segmentation.

One approach we can take to evaluating an affinity function S is to compute the mutual infor-
mation between it and the ground truth indicator S, as discussed in Section 3.1.1. Figure 3.8 shows
the distributions for the mutual information between human segmentations. The left column shows
the pairwise comparisons; the right column shows the leave-one-out comparison. Top to bottom, the
rows show the result when the color, grayscale, and inverted-negated segmentations are used as the
“signal”, while always using the color segmentations as ground truth. As expected, the different-
image distributions are steeply peaked at zero — more so for the leave-one-out regime, improving
the separation in the right column. The grayscale and color segmentations appear to have identical
mutual information, while the inverted-negated segmentations share less information with the color

segmentations.

3.3.3 Precision-Recall for Regions

To complement the mutual information approach to comparing affinity functions, we also develop an
approach based on precision and recall. The ground truth human segmentations define a set of same-
segment pixel pairs that we wish to identify with a classifier. Given another human segmentation
or machine-generated affinity function as “signal”, we can determine how well it predicts the same-
segment ground truth pairs.

Inthe case of comparing human segmentations, the signal is binary-valued. Precisionistherefore
P(S‘,-j =1|S;; = 1), or the probability that a same-segment pair in the left-out human is a same-
segment pair in the ground truth. Recall is the probability that a same-segment pair in the ground
truth was in the left-out human, or P(S;;=1|S;; =1).

Figure 3.9 shows the precision and recall distributions for the pairwise approach, and Figure 3.10
showsthe distributionsfor the leave-one-out approach. Thetrends between the two arein contrast to
those we observed in the boundary matching precision and recall. In this case, the union of human
segmentations produces a stricter set of same-segment pairs, since al subjects must mark a pair in
the same segment for S = 1. Consequently, the leave-one-out distributions show increased recall
and decreased precision. In both cases, the same-image distributions shift more than the different-
image distributions, suggesting that the leave-one-out version of this measure is preferable. The
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Figure 3.9: Distributions of Pairwise Recall and Precision for Pixel Affinity. Recall (left column)
and precision (right column) distributions for same-image and different-image comparisons of hu-
man segmentations, for color (top row), grayscale (middle row), and inverted-negated (bottom row)
segmentations compared to color segmentations.
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Figure 3.10: Distributions of F-Measure for Pixel Affinity. These F-Measure distributions combine
the precision and recall from Figures 3.9 and 3.11. The leave-one-out distributions (right column)
are better separated than the pairwise distributions (Ieft column). In addition, the trend of increasing
error from color (top row) to grayscale (middle row) to inverted-negated (bottom row) is again clear
in the right column.
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Figure 3.11: Distributions of Leave-One-Out Recall and Precision for Pixel Affinity. The layout
is the same as for Figure 3.9, but this figure shows the human segmentation comparisons using
the leave-one-out approach instead of the pairwise approach. Both precision and recall increase,
though the same-image distributions are shifted to a greater degree, increasing discrimination. The
three rows show little changein recall, but a steady decrease in precision. This trend indicates that
as the subjects were denied information — fist color, then high-level information — they marked
fewer segmentation boundaries, thereby adding more same-segment pairs to the “signal”. Thisis
the first time we have seen this trend for the grayscale versus color segmentationsin addition to the
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distributions of F-measure shown in Figure 3.10 also support this conclusion. Note once more the
similarity of grayscale and color segmentations, and the measurable difference between inverted-
negated and color segmentations.

3.4 Conclusion

In this chapter, we have introduced four new segmentation comparison techniques. The first is a
boundary-based approach that directly corresponds boundary elements between one segmentation
and a set of ground truth segmentations. The correspondences yield precision and recall measure-
ments that can be combined with the F-measure. The intuitive nature of the correspondence proce-
dure lends confidence to the approach. The other three are region-based approaches, two of which
are based on the established statistical methods of mutual information and precision-recall.

If we wish to benchmark segmentation algorithms, then we have many choices. The boundary-
based approach can be used to comparethe region boundariesto the human data. Alternately, we can
use any of the threeregion-based approaches. Asin the popular pixel affinity and pairwise clustering
formulation of image segmentation, a segmentation represents a binary-valued affinity function.
This affinity function can then be evaluated using either mutual information or the precision-recall
framework. Alternately, the BCE measure can be used as a measure of region overlap.

The multiple measures are important for two reasons. First, we must ensure that quantitative
eval uations of segmentation algorithms are stable with respect to several measures. At this point, we
do not have enough experience evaluating these algorithms to know which measure is preferable.
Until that time, quantitative work should use as many different measures as possible.

In addition, the different measures allow us to evaluate different phases of segmentation algo-
rithms, providing a range of “micro-benchmarks.” For example, an image segmentation algorithm
might take the following approach: (1) Find boundary elements from low-level cues, (2) Perform
contour completion on the edge elements, (3) Define a pixel affinity function between pixds, and
(4) Produce a segmentation by some pairwise grouping algorithm. We would like to evaluate each
stage independently of the others using the segmentation dataset. The boundary-based precision-
recall measures can evaluate stages (1) and (2). The mutual information and precision-recall affinity
measures can evaluate stage (3), and all four measures can be used for evaluating stage (4).

The remaining chapters begin the project of rigorously optimizing and evaluating each stage of
image segmentation. In Chapter 4 we will learn a boundary detector from the dataset, and then
use the boundary-based measure to evaluate different algorithms. In Chapter 5 we will use the
boundary detector along with other features to learn an affinity function, and evaluate alternatives
using the mutual information and precision-recall measures. The evaluation of contour completion

58



3.4. CONCLUSION

and pairwise clustering algorithms we must leave for future work.
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Chapter 4

L earning a Local Boundary Model

The goal of this chapter is to develop an algorithm to accurately detect and localize boundariesin
natural scenesusing local image measurements. We formul ate features that respond to characteristic
changesin brightness, color, and texture associated with natural boundaries. In order to combinethe
information from these featuresin an optimal way, we train aclassifier using human labeled images
as ground truth. The output of this classifier providesthe posterior probability of a boundary at each
image location and orientation. We present precision-recall curves showing that the resulting detec-
tor significantly outperformsexisting approaches. Our two main results are (1) that cue combination
can be performed adequately with a simple linear model, and (2) that a proper treatment of texture
isrequired to detect boundariesin natural images.

4.1 Introduction

Consider the images and human-marked boundaries shown in Figure 4.1. How might we find these
boundaries automatically? A complete solution is presently out of reach, sinceit would requireusto
model the high-level knowledge applied by the human subjects to find objects and their boundaries.
However, general-purpose image segmentation based on low-level information and bottom-up pro-
cessing can achieve surprisingly good results. We are interesting in pushing the bottom-up approach
not because we believe it to be sufficient, but rather because any higher-level agorithm will benefit
from gains at the low-level. Whether based on grouping pixelsinto regions[70,37] or grouping edge
fragmentsinto contours [74,57], alocal boundary model is integral to any perceptual organization
algorithm.

Theimage patchesin thefirst column of Figure 4.2 show what information is availableto alocal
boundary model. Though the patches lack global context, it is clear which contain boundaries and
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Figure4.1: Example Images and Human-Marked Segment Boundaries. Each image shows multiple
(4 to 8) human segmentations. The boundaries are darker where more humans marked an edge.

62



4.1. INTRODUCTION

Image

‘B

N

—— Non-Boundaries ——

~
—h
Nt

[,
E

(®))

S

(h)

Boundaries

8 |

Intensity

D2

OE OE BG

A A

CG TG TG

L
]
t

3

e

Figure 4.2: Local Image Features. In each row, the first panel shows an image patch. The following
panels show feature profiles along the patch’s horizontal diameter. The features are raw image
intensity, raw oriented energy (OE), localized oriented energy ( OE), raw brightness gradient (BG),
raw color gradient (CG), raw texture gradient (TG), and localized texture gradient (TG). The
vertical line in each profile marks the patch center. The scale of each feature has been chosen to
maximize performance on the set of training images— 2% of theimage diagonal (5.7 pixels) for OE,
CG, and TG, and 1% of the image diagonal (3 pixels) for BG. The challenge is to combine these
featuresin order to detect and localize boundaries.
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which do not. The goal of this chapter is to use features extracted from the image patch to estimate
the posterior probability of a boundary passing through the center point.

The traditional approach to this problem is to look for discontinuities in image brightness. For
example, the widely employed Canny detector [6] models boundaries as brightness step edges. The
second column of Figure 4.2 show that thisis an inadegquate model for boundariesin natural images
where texture is a ubiquitous phenomenon. The Canny detector fires wildly inside textured regions
where high-contrast edges are present, but no region boundary exists. In addition, it is unable to
detect the boundary between textured regions when there is only a subtle change in average image
brightness. Feature detectors based on the spatially averaged second moment matrix provideapartial
solution to the problem of texture. The eigenspectrum of the matrix can distinguish simple edges
from the multiple incident edges that can occur inside texture. Though this approach will suppress
false positivesin alimited class of textures, it will also suppress corners and texture edges.

These significant problems with simple boundary models have lead researchersto develop more
complex boundary detectors that address the problems presented by texture, e.g. [60, 73]. Although
these work well on the pure texture boundaries provided by synthetic Brodatz mosaics, they have
problems in the vicinity of simple brightness edges. Texture descriptors over local windows that
straddle a boundary have different statistics from windows contained in either of the neighboring
regions, and different statistics from the window centered on the boundary. These differences in-
evitably result in either doubly-detected boundaries or thin halo-like regions along contours, for
example see [60, 8, 24]. Just as a brightness edge model does not detect texture boundaries, a pure
texture model does not detect brightness edges effectively.

Clearly, boundariesin natural images can be marked by changesin any of several cuesincluding
brightness, color, and texture. Evidence from psychophysics [59] suggests that humans combine
multiple cues to improve their detection and localization of boundaries. There has been limited
work in computational vision on addressing the difficult problem of cue combination. For example,
Malik et a. [37] associate a measure of texturednesswith each point in animagein order to suppress
contour processing in textured regions and vice versa. However, their solution is full of ad-hoc
design decisions and manual parameter settings.

In this chapter, we provide a more principled approach to cue combination by framing the task
as asupervised learning problem. The dataset presented in Chapter 2 providesthe ground truth |abel
for each pixel as being on- or off-boundary. The task is then to model the probability of a pixel
being on-boundary conditioned on some set of local image features. This quantitative approach to
learning and evaluating boundary detectors is similar to the work of Konishi et a. [31] using the
Sowerby dataset of English countryside scenes. Our work is distinguished by an explicit treatment
of texture, enabling superior performance on amore diverse collection of natural images.
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Figure 4.3: Two Decades of Boundary Detection Research. The performance of our boundary de-
tector compared to classical boundary detection methods and to the human subjects’ performance.
Precision-recall curves, described in Section 3.1.2, are shown for five boundary detectors: (1) Gaus-
sian derivative (GD), (2) Gaussian derivative with hysteresis thresholding (GD+H), the Canny de-
tector, (3) A detector based on the second moment matrix (2MM), (4) our grayscale detector that
combines brightness and texture (BG+TG), and (5) our color detector that combines brightness,
color, and texture (BG+CG+TG). Each detector’s precision-recall curve shows the tradeoff between
accuracy and noise as the detector’s threshold varies. Shown in the caption is each curve’'s maximal
F-measure, valued from zero to one, along with the coordinates of the location of the maximum.
Thus, the notation “F=0.67@(0.71,0.64)" means that the maximal F-measure of 67% occursat 71%
recall and 64% precision. Defined in Section 3.1.2, the F-measure is a summary statistic for a
precision-recall curve. The points on the plot marked with “+” show the precision and recall of each
ground truth human segmentation when compared to the other humans. The median F measure for
the human subjects is 0.80. The solid curve shows the F=0.80 precision-recall curve, representing
the frontier of human performance for this task.
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CHAPTER 4. LEARNING A LOCAL BOUNDARY MODEL

By modeling texture and combining various local cues in a statistically optimal manner, we
demonstrate amarked improvement over the state-of -the-art in boundary detection. Figure 4.3 shows
the performance of our detector compared to the Canny detector, a detector based on the second
moment matrix used by Konishi et a. [31], and the human subjects. The remainder of the chapter
will show how this improvement was achieved. In Section 4.2 we describe the local brightness,
color, and texture features used as input to our algorithm. Section 4.3 presents our training and
testing methodology and the dataset of 12,000 human segmentations that provide the ground truth
data. We apply this methodology in Section 4.4 to optimize each local cue independently, and in
Section 4.5 to perform cue combination. Section 4.6 presents a quantitative comparison of our
method to existing boundary detection methods. We conclude in Section 4.7.

4.2 Image Features

Our approach to boundary detectionisto look at each pixel for local discontinuitiesin several feature
channels, over arange of orientations and scales. We will consider two brightness features (oriented
energy and brightness gradient), one color feature (color gradient), and one texture feature (texture
gradient). Each feature has free parameters that we will learn from the training data.

4.2.1 Oriented Energy

In natural images, brightness edges are more than simple steps. Phenomena such as specularities,
mutual illumination, and shading result in compositeintensity profiles consisting of steps, peaks, and
roofs. The oriented energy (OE) approach [46] can be used to detect and localize these composite
edges [53]. OE is defined as:

Oy, = (1% f5 )" + (I % f3 ;) (4.1)

where f§  and f¢  are a quadrature pair of even- and odd-symmetric filters at orientation 6 and
scale 0. Our even-symmetric filter is a Gaussian second-derivative, and the corresponding odd-
symmetric filter is its Hilbert transform. OE, , has maximum response for contours at orientation
0. Thefilters are elongated by aratio of 3:1 along the putative boundary direction.

422 Gradient-Based Features

We include the oriented energy feature in our analysis because it is the standard means of detecting
brightness edges in images. For more complex features, we introduce a gradient-based paradigm
that we use for detecting local changesin color and texture, as well as brightness.
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The approach is simple. A gradient function G(x,y, 0, ) is defined at alocation (z,y) in the
image, at an orientation 8, and at ascale r. Draw acircle of radiusr, centered at (z,y), and divideit
along the diameter at orientation #. The gradient function compares the contents of the two resulting
disc halves. A large difference between the disc halves indicates a discontinuity in the image along
the disc's diameter.

How shall we describe and compare the two half-disc regionsfor each cue? Common to success-
ful color and texture featuresin the literature is the approach of estimating the empirical distribution
of pixel-based features over someregion. Distributions of color in perceptual color spaces have been
used successfully as region descriptorsin the QBIC [48] and Blobworld [8] image retrieval systems.
In addition, the compass operator of Ruzon and Tomasi [63, 64] uses color histogram comparisons
to find corners and edges in color images. For texture analysis, there is an emerging consensus that
an image should first be convolved with a bank of filters tuned to various orientations and spatial
frequencies [14, 38]. The empirical distribution of filter responses has been shown to be powerful
both for both texture synthesis [23] and texture discrimination [55].

For brightness and color gradients, we bin kernel density estimates of the distributions of pixel
luminance and chrominance in each disc half. For the texture gradient, we compute histograms of
vector quantized filter outputsin each disc half. In all three cases, the half-disc regions are described
by histograms, which we compare with the y 2 histogram difference operator [56]:

1 (gi — hs)?
xX*(g,h) = 3 Z m (4.2)

Each gradient computation shares the step of computing a histogram difference at multiple ori-
entations and scales at each pixel. The naive implementation would involve much redundant com-
putation. Appendix A presents efficient algorithms for computing the gradient features.

4.2.3 Brightnessand Color Gradient Details

There are two common approaches to characterizing the difference between the color distributions
for two sets of pixels. The first is based on density estimation using histograms. Both QBIC and
Blobworld use fully three dimensional color histograms as region features, and compare histograms
using a similarity measure such as L' norm, 2 difference, or the quadratic form distance function.
Blobworld smoothes the histograms to prevent the aiasing of similar colors, while QBIC models
the perceptual distance between bins explicitly.? For an image region with thousands of pixels, the

1The quadratic form distance function used in QBIC isd(g, h) = (g — h)T A(g — h), where g and h are the histograms
to compare, and A is amatrix giving the similarity A;; between two binss and j. Niblack et al. indicate that this measure
is superior for their task. We will not consider this histogram similarity function because it is computationally expensive,
difficult to define A, and similar in spirit to the Earth Mover’s distance.
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CHAPTER 4. LEARNING A LOCAL BOUNDARY MODEL

full joint color distribution can be reasonably estimated with some smoothing, though the problem
of defining a perceptually meaningful histogram difference operator is significant.

The second common approach avoids quantization artifacts by using the Mallows [40] or Earth
Mover’s distance (EMD) [36] to compare color distributions. This is potentially preferable for a
local edge operator where one does not have a large number of samples from which to estimate
distributions. In addition, the EMD explicitly accounts for the distance between points in the color
space. If the space is a perceptua space where Euclidean distances correspond to perceptual dis-
tances, then one would imagine the EMD to be the ideal measure. Perceptual color spaces, however,
have notorious problems with regard to perceptual uniformity: though small distances in a space
such as CIELAB map well to perceptua distance, large distances are not meaningful in the sense
that col ors beyond some separation are perceptual ly equivalently different. Ruzon and Tomasi usean
attenuated EMD to model this perceptual roll-off, but the EM D remains computationally expensive.
For one-dimensional data, the it can be computed relatively efficiently by simply sorting the points.
In higher dimensions, however, one must solve an assignment problem that increases complexity
considerably.

We would like an approach that models the the color distribution accurately with respect to
human perception, while remaining computationally simple. Our approach is based on binning ker-
nel density estimates of the color distribution in CIELAB using a Gaussian kernel, and comparing
histograms with the 2 difference. The x? histogram difference does not make use of the percep-
tual distance between bin centers. Therefore, without smoothing, perceptually similar colors can
produce disproportionately large x 2 differences. Because the distance between pointsin CIELAB
space is perceptually meaningful in alocal neighborhood, binning a kernel density estimate whose
kernel bandwidth o matches the scale of this neighborhood means that perceptually similar colors
will have similar histogram contributions. Beyond this scale, where color differences are perceptu-
ally incomparable, x2 will regard them as equally different. The combination of a kernel density
estimate in CIELAB with the x? histogram difference is a good match to the structure of human
color perception.

For the brightness gradient we will compute histograms of L* values, which is a simple one-
dimensiona density estimation problem. The color gradient presents additional challenges because
the pixel values are in the 2D space of a* and b*. We can apply the same methodol ogy that we use
for L*, using 2D kernels and 2D histograms to produce the joint color gradient CG 2. However,
in order to keep the computational cost reasonable, one must reduce both the number of kernel
samples and the number of bins. This reduction compromises the quality of the density estimate,
so instead we compute the marginal color gradientsfor a* and b* and take the full color gradient to
be the sum of the corresponding marginal gradients: CG**? = CG® + CG’. This simplification is
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motivated not only by the much higher cost of computing CG **: The a* and b* axes correspond to
the perceptually orthogonal red-green and yellow-blue color opponents found in the human visual
system (see Palmer [50]). Section 4.4 presents the comparison of CG*® to CG**?.

424 Texture Gradient Details

Analogous to the brightness and color gradient operators, we formulate a directional operator that
measures the degree to which texture of scale r varies at an image location (z,y) in direction 6.
Our texture gradient (TG) operator computes the texture dissimilarity in the two halves of adisk of
radius r, centered on (z, y), and divided in two along a diameter at orientation 6. Oriented texture
processing along these lines has been pursued by Rubner and Tomasi [60].

Figure 4.4a shows the filter bank that we use for texture processing. It contains six pairs of
elongated, oriented filters, as well as a center-surround filter. The oriented filters are in even/odd
quadrature pairs, and are the same filters we used to compute oriented energy. The even-symmetric
filter is a Gaussian second derivative, and the odd-symmetric filter is its Hilbert transform. The
center-surround filter is a difference of Gaussians. To each pixel we associate the vector of filter
responses centered at the pixel. Note that unlike [37], we do not contrast-normalize the filter re-
sponses via Weber’s Law for texture processing. Our experiments indicate that normalization does
not improve performance, as it appears to amplify noise more than signal.

Each disc half contains a set of filter response vectors which we can imagine as two clouds of
pointsin afeature space with dimensionality equal to the number of filters. One can usetheempirical
distributions of these point clouds as the texture descriptors, and then compare the descriptorsto get
the value of the texture gradient.

Many questions arise regarding the details of this approach. Should the filter bank contain mul-
tiple scales, and what should the scales be? How should we compare the distributions of filter
responses? Should we use the Earth Mover’s distance, or should we estimate the distributions? If
the latter, should we estimate marginal or joint distributions, and with fixed or adaptive bins? How
should we compare distributions: using some LP-norm or the x? distance? Puzichaet al. [55] evalu-
ate awide range of texture descriptorsin this framework and examine many of these questions. We
choose the approach devel oped by Malik et al., which is based on the idea of textons.

Thetexton approach is one that estimates the joint distribution of filter responses using adaptive
bins. The filter response vectors are clustered using k-means. The clusters define Voronoi bins,
and the cluster means — the textons — define texture primitives. The space covered by atexton’s bin
is called a texton channel. These texture primitives are simply linear combinations of the filters.
Figure 4.4b shows example textons for k& = 64 computed over the 200 images in the training set.
After the textons have been defined, each pixel is assigned to the nearest texton. The texture dis-
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(a) Filter Bank (b) Universal Textons

Figure 4.4; Textons. (&) The 13-element filter bank used for computing textons. (b) Example
universal textons computed from the 200 training images, sorted by L1 norm for display purposes.
(c) An image and (d) its associated texton map. Texton quality is best with a single scale filter
bank containing small filters. Each pixel produces a 13-element response to the filter bank, and
these responses are clustered with k-means. In this example, using 200 images with k=64 yields 64
universal textons. The textons identify basic structures such as steps, bars, and corners at various
levels of intensity. If each pixel in theimage shown in (c) is assigned to the nearest texton, and each
texton is assigned a color, we obtain the texton map shown in (d). The elongated filters have 3:1
aspect, and the longer o was set to 0.7% of the image diagonal (about 2 pixels).
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similarities can then be computed by comparing the histograms of textons in the two disc halves.
Figure 4.4 shows an image and the associated texton map, after each pixel is mapped to its texton
channel. Some issues remain, namely which images to use to compute the textons, the choice of &,
the procedure for computing the histograms, and the histogram compari son measure.

For computing textons, we can use alargeimage set such as our training set to computeuniversal
textons that we will use for all test images. Alternately, we can compute image-specific textons by
computing the textons separately for each test image. As for the choice of &k, we will see that it
depends on this choice between universal and image-specific textons as well as the scale r of the
texture gradient. Section 4.4 presents experiments exploring both of these issues.

For computing the texton histograms, we use hard binning without smoothing. One can do
soft binning by considering a pixel’s distance to each texton. However, this type of soft binningis
computationally expensive, and in our experiments, it has not proved worthwhile. The hard binning
is not a problem because adjacent pixels have correlated filter responses due to the spatial extent of
the filters. Consequently, the data is already somewhat smoothed, and pixelsin a disc are likely to
cover fewer hins ensuring more samples per bin.

Finaly, the x2 distance is not the only viable measure of histogram distance for this task. Both
Puzicha et al. [56] and Levina [35] evauate various methods for comparing texture distributions,
including L1 norm, %2 distance, and the Mallows or Earth Mover’s distance. The optimal distance
measure, however, depends on the task (matching or discrimination) and on the images used (Bro-
datz patches or natural images). Our experiments show that for local boundary detection in natural
images, the x? distance is marginally superior to the L1 norm, and significantly better than the
Mallows distance.

425 Localization

The underlying function of boundary existence that we are trying to learn is tightly peaked around
the location of image boundaries marked by humans. In contrast, Figure 4.2 on page 63 shows that
the features we have discussed so far don’t have this structure. As they pool information over some
support, they produce smooth, spatially extended outputs. Since each pixel is classified indepen-
dently, our spatially extended features are problematic for a classifier, as both on-boundary pixels
and nearby off-boundary pixelswill have large gradient values.

The texture gradient is particularly prone to this effect due to its large support. In addition, the
TG produces multiple detections in the vicinity of brightness edges. The bands of textons present
along such edges often produces a larger TG response on each side of the edge than directly on the
edge. This double-peak problem is ubiquitousin texture edge detection and segmentation work [60,
8, 24], where it produces double detections of edges and dliver regions along region boundaries.
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However, we are aware of no work that addresses this serious problem. Non-maxima suppression
istypically used to narrow extended responses, but the multiple detection problem requires a more
general solution. We will exploit the symmetric nature of the texture gradient response both to
localize the edge accurately and to eliminate the double detections.

In order to make the spatial structure of boundaries available to the classifier, we transform the
raw feature signalsto emphasizelocal maxima. However, we must do thisin amanner that smoothes
out multiple detections. Given a feature f(z) defined over spatial coordinate z orthogonal to the
edge orientation, consider the derived feature f(z) = f(z)/d(z), whered(z) = —|f'(z)|/f" (z) is
the first-order approximation of the distance to the nearest maximum of f(z). We use the smoothed
and stabilized version:

(=)
o) = o) () @3)

with e chosen to optimize the performance of the feature. By incorporating the 1/d(z) localization
term, f(z) will have narrower peaks than the raw f(z). The f(z) is an estimate of the underlying
smooth “pure-texture” signal corrected for the double peaks. To robustly estimate the directional
derivatives and the smoothed signal, we fit a cylindrical parabola over a circular window of radius
r centered at each pixel. The least squares parabolic fit ax? + bz + c provides directly the signal
derivatives as f''(x) = 2a and f'(z) = b, aswell as f(z) = ¢. Thus, the localization function
becomes f = —(2¢tat)/(|b] + €), where ¢ and a require half-wave rectification. 2

Thelast two columns of Figure 4.2 on page 63 show the result of applying this transformation to
the texture gradient, which clearly has the effect of reducing noise, tightly localizing the boundaries,
and coalescing double detections. We found that the localization procedure does not improve the
brightness and color gradient features, and so our final feature set consists of { O, BG, CG, TG},
each at 8 orientations and 3 half-octave scales.

4.3 Evaluation Methodology

Our systemwill ultimately combinethe cues of the previous sectioninto asinglefunction Py (z, y, 8)
which gives the posterior probability of a boundary at each pixel (z,y) and orientation 6. In order
to optimize this system and compare it to other systems, we need a methodology for judging the
quality of aboundary detector. We formulate the boundary-detectiontask as a classification problem
of discriminating non-boundary from boundary pixels, and apply the precision-recall framework of
Chapter 3 using human-marked boundaries as ground truth. The segmentation dataset contains 5-10

2Windowed parabolic fitting is known as 2nd-order Savitsky-Golay filtering, or LOESS smoothing. We also considered
Gaussian derivative filters { G, G.., G} to estimate { f-, f~., fI' } with similar results.
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segmentations for each of 1000 images. We use 200 images and associated segmentations as the
training data, and a different 100 images and associated segmentations as the test dataset.

Precision-recall curves were first used for evaluating edge detectors by Abdou and Pratt [1].
A similar approach was taken by Bowyer et a. [3] for boundary detector evaluation with ROC
curves. Other methods of evaluating boundary detectors in a quantitative framework exist, such as
the Chernoff information used by Konishi et al. [31]. Though the information theoretic approach
approach can lead to a useful method for ranking algorithms relative to one another, the resulting
measure is not intuitive.

The precision-recall framework does produce effective and intuitive measures of performance.
Furthermore, it is more appropriate than the related ROC curve or Bayes risk framework for this
task since our two classes — boundary and non-boundary — are unbalanced. Both ROC curves and
Bayes risk use the overall classification error, which includes the errors made by the detector for
both classes. Since there are many more non-boundariesthan boundaries, and since non-boundaries
are more easily detected than boundaries, the ROC approach exaggerates performance. In contrast,
the precision-recall framework focuses on the rarer class, and does not reward the correct detection
of non-boundaries.

Remember that precision is the probability that the detector’s signal is valid, and recall is the
probability that the ground truth data was detected. These two measures are particularly meaningful
inthe context of boundary detection when we consider applicationsthat make use of boundary maps,
such as stereo or object recognition. It is reasonableto characterize these algorithmsin terms of how
much true signal is required to succeed (recall), and how much noise can be tolerated (precision).

Precision and recall are appealing measures, but to compute them we must determine which true
positives are correctly detected, and which detections are false. Each point on the precision-recall
curve is computed from the detector’s output at a particular threshold. In addition, we have binary
boundary maps as ground truth from the human subjects. For the moment, let us consider how
to compute the precision and recall of a single thresholded machine boundary map given a single
human boundary map. One could simply correspond coincident boundary pixels and declare al
unmatched pixels to be either false positives or misses. This approach would not tolerate any local-
ization error, however, and woul d consequently be a poor indicator of performance. From Figure 4.1
on page 62, it is clear that the assignment of machine boundary pixels to ground truth boundaries
must tolerate localization errors, since the ground truth data contains boundary localization errors.

The approach of Martin et al. [42] is to add a modicum of slop to the naive correspondence
procedure in order to permit small localization errors at the cost of permitting multiple detections.
However, an explicit correspondence of machine and human boundary pixels is the only way to
robustly count the hits, misses, and false positives that we need to compute precision and recall.
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In particular, it is important to compute the correspondence explicitly in order to penalize multiple
detections, single detection being one of the three goal s of boundary detection formalizedin Canny’s
work [6] along with good detection and good localization.

Chapter 3 details the correspondence computation, which provides us the means of comput-
ing the precision and recall for a single human segmentation. The segmentation dataset, however,
provides multiple human segmentations for each image, so that the ground truth is defined by a
collection of 5 to 10 human segmentations. Simply unioning the humans' boundary mapsis not ef-
fective because of the localization errors present in the dataset itself. The proper way to combinethe
human boundary maps would likely require additional correspondences, or perhaps the estimation
of a generative model specifying the humans' detection and localization error processes along with
the hidden true signal.

Fortunately, we are able to finesse these issues in the following manner. First, we correspond
the machine boundary map with each human map in turn. Only those machine boundary pixels that
match no human boundary are counted as false positives, so that the fraction of machine boundary
pixels that are false positives gives the precision. The hit rate is ssmply averaged over the different
humans, so that to achieve perfect recall the machine boundary map must explain all of the human
data up to some tolerance dmax. Our intention is that this approach to estimating precision and recall
matches as closely as possible the approach one would take if one were to compute them visually.
All three desirable properties of a boundary detector — detection, localization, single detection — are
encouraged by the method, and the results are splendid.

In summary, we have a method for describing the quality of a boundary detector that produces
soft boundary maps of the form Py (z,y) or Py(z,y,0). For the latter, we take the maximum over 4
to reduce the case to the former. Given the soft boundary image P, (z, y), we produce a precision-
recall curve. Each point on the curve is computed independently by first thresholding P, to produce
a binary boundary map, and then matching this machine boundary map against each of the human
boundary maps in the ground truth segmentation dataset. The precision-recall curve is arich de-
scriptor of performance. When a single performance value is required or is sufficient, precision and
recall can be combined with the F-measure. The F-measure curveis usually unimodal, so thecurve's
maximal F-measure may be reported as a summary of the detector’s performance. We now turn to
applying this evaluation method to optimizing our boundary detector and comparing our approach
to the standard methods.
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4.4 Cue Optimization

Before combining the brightness, color, and texture cues into a single detector, we first optimize
each cue individually. By applying coordinate ascent with high precision and recall as the objective,
we can optimize each cue with respect to the ground truth dataset so that no change in any single
parameter improves performance. | do not present the complete set of experiments, but only those
that afford interesting observations.

Each of the four cues— oriented energy (OE), brightness gradient (BG), color gradient (CG), and
texture gradient (TG) — has a scale parameter. In the case of OE, the scale o is the bandwidth of the
quadraturefilter pair. For the others, the scale r isthe radius of the disc. We determined the optimal
one octave range for each cue. In units of percentage of the image diagonal, the ranges are 1.4%
to 2.8% for OE, CG, and TG, and 0.75% to 1.5% for BG. These scales are optimal, independent of
whether or not we use the localization procedure of Section 4.2.5. The middle scale always performs
best, except in the case of raw OE where the largest scale is superior.

Figures 4.5 and 4.6 showsthe precision-recall (PR) curvesfor each cue at the optimal scales both
with and without localization applied. In addition, each plot showsthe PR curve for the combination
of the three scales. Each curve requires a Py (z,y) function that is obtained from fitting a logistic
model to the training dataset. We evaluate the P, function on the test set to produce the Py(z, y)
images from which the curveis generated.

The € for each cue's localization function was optimized separately to 0.01 for TG and 0.1 for
all other cues. The figures show that localization is not required for BG and CG, but helpful for both
OE and TG. Thelocalization function has two potential benefits. It narrows peaksin the signal, and
it merges multiple detections. From Figure 4.2 on page 63, we see that the scale of OE is rather
large so that localization is effective at narrowing the wide response. TG suffers from both multiple
detections and awide response, both of which are ameliorated by thelocalization procedure. Neither
BG nor CG requireeither alteration offered by thelocalization procedure, partially because they have
other parameters that we used to optimize their responses.

Figure 4.7 shows our optimization of the kernel size used in the density estimation computations
for BG and CG. For these features, we compare the distributions of pixel valuesin two half discs,
whether those values are brightness (L*) or color (a*b*). First, consider the color gradient CG *+?
computed over the marginal distributionsof a* and b*. With adisc radiusranging from 4 to 8 pixels,
kernels are critical in obtaining low-variance estimates of the distributions. In the figure, we vary
the Gaussian kernel’s sigma from 1.25% to 40% of the diameter of the domain. In addition, the
number of bins was varied inversely in order to keep the number of samples per bin constant, and at
aminimum of two per bin. The kernel was clipped at 20 and sampled at 23 points. The dominant
PR curve on each plot indicates that the optimal parameter for BG is ¢ = 0.2 (with 12 bins) and

75



CHAPTER 4. LEARNING A LOCAL BOUNDARY MODEL
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Figure 4.5: Boundary Localization for OE and BG. Performance of raw features (top row) and
localized features (bottom row). Curves toward the top (lower noise) and right (more recovered
signal) are better. Each curve is parameterized by P, and is scored by its maximal F-measure, the
value and location of which are shown in the legend. Each pand in this figure shows four curves:
one curve for each of three half-octave spaced scales of the feature, along with one curve for the
combination of thethree scales. The starting scalesfor OE and BG are 1.4% and 0.75% of theimage
diagonal, respectively. With the exception of Figure 4.12, we use logistic regression to model P,
In this figure, we see that the localization procedure is marginally helpful for OE, and unnecessary
for BG. Multiple scales help neither OE nor BG. Note that each feature's € and scale parameters
were optimized against the training set using the precision-recall methodology. Figure 4.6 shows
the same graphsfor CG and TG.
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Figure 4.6 Boundary Localization for CG and TG. Performance of raw features (top row) and
localized features (bottom row). The layout is identical to Figure 4.5, which shows the curves for
OE and BG. The starting scales for CG and TG are both 1.4% of the image diagonal. In thisfigure,
we see that the localization procedure is unnecessary for CG, but extremely helpful for TG. The
performancegain for TG isdueto the elimination of double-detectionsal ong with good localization,
asisevident from Figure 4.2 on page 63. In addition, TG isthe only feature for which thereis benefit
from combining scales. Note that each feature's e and scale parameters were optimized against the
training set.
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(a) Brightness Gradient

(b) Color Gradient
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Figure 4.7: Bandwidth for BG and CG Kernel Density Estimates. Both BG and CG operate by
comparing the distributions of 1976 CIE L*a*b* pixel valuesin each half of adisc. We estimate the
1D distributionsof L*, a*, and b* with histograms of kernel density estimates. Each curveislabeled
with o and bin count. The accessible ranges of L*, a*, and b* are scaled to [0, 1]. The kernel was
clipped at 20 and sampled at 23 points. The bin count was adjusted so that there would be no fewer
than 2 samples per bin. The best valuesare o = 0.2 for BG (12 bins), and o = 0.1 for CG (25 bins).
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(a) CG1 (b) CG*
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Figure 4.8: Marginal vs. Joint Estimates of CG. (a) shows the middle scale of the color gradient,
and (b) shows the three scales combined. Our inclination in estimating pixel color distributions was
to estimate the 2D joint distribution of a* and b*. However, the 2D kernel density estimation proved
to be computationally expensive. Sincethea* and b* axesin the 1976 CIE L*&*b* color space were
designed to mimic the blue-yellow green-red color opponency found the human visual cortex, one
might expect the joint color distribution to contain little perceptual information not present in the
marginal distributions of a* and b*. The curves labeled “AB” show the color gradient computed
using the joint histogram (CG®®); the curves|abeled “A+B” show the color gradient computed com-
puted as (CG® 4+ CG"). The number of binsin each dimension is 25 for both experiments, so that the
CG®® computation requires 25x more bins and 25x the compute time. The cue quality is virtually
identical, and so we adopt the marginal CG approach.

o = 0.1 for CG (with 25 bins).

The experimentsin Figure 4.7 used the separated version of the color gradient CG ¢*° rather than
the joint version CG*’. Figure 4.8 shows the comparison between these two methods of computing
the color gradient. Whether using a single scale of CG or multiple scales, the difference between
CG**® and CG?® is minimal. The joint approach is far more expensive computationally due to the
additional dimension in the kernels and histograms. The number of bins in each dimension was
kept constant at 25 for the comparison, so the computational costs differed by 25x, requiring tens of
minutes for CG*’. If computational expenseis kept constant, then the marginal method is superior
because of the higher resolution afforded in the density estimate. In all cases, the marginal approach
to computing the color gradient is preferable.

The texture gradient cue also has some additional parameters beyond r and e to tune, related
to the texture representation and comparison. The purpose of TG is to quantify the difference in
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the distribution of filter responses in the two disc halves. Many questions arise and are discussed
in Section 4.2.4. For filters, we use the same even and odd-symmetric filters that use for oriented
energy — a second derivative Gaussian and its Hilbert transform — at six orientations along with a
center-surround DOG. We experimented with multi-scale filter banks, but found agreement with
Levina [35] that a single-scale filter bank at the smallest scale was preferable. Figure 4.4(a) on
page 70 shows the filter bank we used for texture estimation. As for distribution estimation issues,
wefollow thetexton approach of Malik et al. [37] which estimates the joint di stribution with adaptive
bins by clustering the filter responses with k-means, and compares histograms using the x 2 measure.
We verified that none of L, L2, or L> norm performs better. In addition, we determined that the
Mallows distance computed on the marginal raw filter outputs performed poorly. The Mallows dis-
tance on the joint distribution is computationally infeasible, requiring the solution to an assignment
problem.

After settling on the approach of comparing texton histograms with the x 2 distance measure,
two issues remain. First, we must choose between image-specific and universal textons. For image-
specific textons, we recompute the adaptive texton bins for each test image separately. For universal
textons, we compute a standard set of textons from the 200 training images. The computational cost
of each approach is approximately equal, since the per-image k-means problems are small, and one
can use fewer textons in the image-specific case. Figure 4.4(b) shows universal textonsfor k = 64.
The second remaining issue is that we must choose the number of textons, or the & parameter for
k-means.

Figure 4.9 shows experiments optimizing the number of textons, and Figure 4.10 shows exper-
iments comparing image-specific to universal textons. From these figures, we see that the choice
between image specific and universal textons is not important for the quality of the classifier. We
use image-specific textons for convenience, though universal textons are perhaps more appealing in
that they can be used to characterize textures in an image-independent manner. 1mage-independent
descriptions of texture would be useful for image retrieval and object recognition applications. Fig-
ure 4.9 also reveal stwo scaling rulesfor the optimal number of textons. First, the optimal number of
textons for universal textons is roughly double that required for image specific textons. Second, the
optimal number of textons scales linearly with the area of the disc. The former scaling is expected,
to avoid over-fitting in the image-specific case. The latter scaling rule keeps the number of samples
per texton bin constant, which reduces over-fitting for the smaller TG scales.
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Figure 4.9: Optimizing the Number of Textons. We can compute textons on a per-image basis, or
universally on a canonical image set. (a) and (c) show the performance of the small and large scales
of TG for 8 to 128 image specific textons; (b) and (d) show the performance of the same TG scales
for 16 to 256 universal textons. The optimal number of universal textons is double the number
for image specific textons. In addition, smaller scales of TG require fewer textons. The scaling is
roughly linear in the area of the TG disc, keeping the number of samples per bin constant. Results
areinsensitive to within a factor of two of the optimal number.
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Figure 4.10: Image Specific vs. Universal Textons. This graph shows the performance of image
specific vs. universal textons for the middle TG scale along with the combined TG scales. The
choice between image-specific and universal textons is not critical. In our experiments, we use
image-specific textonswith k={12,24,48} . For an application such as object recognition, one would
likely prefer the measure of texture provided by universal textons, which can be compared across
images.
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Figure 4.11: Cue Combination. After optimizing the parameters of each cue independently, we seek
to combine the cues effectively. (a) shows that whether or not we include CG, we are always better
off using BG as our brightness cue instead of OE. Note that though the curve is not shown, using
OE and BG together is not beneficial. (b) Although we saw in Figure 4.6 that we benefit from using
multiple scales of TG, the benefit is significantly reduced when BG isincluded. This is because
BG contains some ability to discriminate fine scale textures. (c) Our non-color model of choiceis
simply the combination of a single scale of BG with a single scale of TG. (d) Our color model of
choice also includes only a single scale of each of the BG, CG, and TG features.
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(a) One Scale Per Cue (b) Three Scales Per Cue
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Figure 4.12: Choice of Classifier. Until this point, al results have been shown using the logistic
regression model. This model is appealing because it is compact, robust, stable, interpretable, and
quick to both train and evaluate. However, its linear decision boundary precludes any potentially
interesting cross-cue gating effects. In this figure, we show the result of applying various more
powerful models on (a) one scale of each of BG, CG, and TG, and (b) all three scales of each feature
(9 total features). In neither case does the choice of classifier make much difference. In both cases,
thelogistic regression performswell. The addition of multiple scal es does not improve performance.
Thelogistic is still the model of choice.
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45 Cue Combination

Thereissome previouswork on learning boundary models. Will et al. [ 73] learned texture edge mod-
els for synthetic Brodatz mosaics. Meilaand Shi [44] presented a framework for learning segmen-
tations from labeled examples. Most compelling is the work of Konishi et al. [31], where boundary
models were trained from human-labeled ground truth. After optimizing the performance of each
cue, we face the problem of combining the cues into a single detector. We approach the task of cue
combination as a supervised learning problem, where we will learn the combination rules from the
ground truth data.

Figure 4.11 presents the first set of cue combination experiments. The first task is to determine
whether any of the cuesis redundant given the others. Until this point, we have presented four cues,
two of which — OE and BG — both detect discontinuitiesin brightness. Panel (a) of the figure shows
that BG isasuperior cue to OE, whether used in conjunction with the texture gradient alone or with
the texture and color gradients together. In addition, since we do not gain anything by using OE and
BG in conjunction (not shown), we can safely drop OE from the list of cues.

We have the option of computing each cue at multiple scales. Figures 4.5 and 4.6 showed that
only the texture gradient contains significant independent information at the different scales. The
benefit of using multiple TG scales may not remain when TG is combined with other cues, however.
Panel (b) of Figure 4.11 shows the effect of using multiple TG scales in conjunction with BG and
CG. In both the BG and BG+CG cases, multiple TG scales improve performance only marginally.
The remaining two panels of Figure 4.11 show the effect of adding multiple BG and CG scales
to the model. In neither case do multiple scales improve overall performance. In some cases (see
Figure 4.11(d)), performance can degrade as additional scales may introduce more noise than signal.

In order to keep the final system as simple as possible, we will retain only the middle scale
of each feature. It is surprising that multi-scale cues are not a benefit, however. An explanationis
suggested by Figures 4.6(d) on page 77 and 4.11(b) on page 83, where we see that the multiple scales
of TG haveindependent information, but the benefit of multiple TG scal es vanisheswhen BG isused.
The brightness gradient operates at small scales, and is capable of low-order texture discrimination.
At the smallest scales, there is not enough information for high-order texture analysis anyway, so
BG is a good small-scale texture feature. The texture gradient identifies the more complex, larger
scale textures.

Until this point, all results were generated with alogistic model:

1

- 4.4
e (44)

p(z)

We will show that the logistic model is a good choice by comparing a wide array of classifiers,
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each trained on the human segmentation dataset. With more powerful models, we hoped to discover
some interesting cross-cue and cross-scale gating effects. For example, one might discount the
simpler edge detection of BG when TG islow because the brightness edges are likely to correspond
to edges interior to textured areas. In addition, the optima mixing function for the various cues
could well be non-linear, with each cue treated as an expert for a certain class of boundaries. These
are the classifiers that we used:

e Density Estimation We do density estimation with adaptive bins provided by vector quan-
tization using k-means. Each k-means centroid provides the density estimate of its Voronoi
cell as the fraction of on-boundary samples in the cell. We use k=128 bins and average the
estimates from 10 runs to reduce variance.

e Classification Trees The domain is partitioned hierarchically with top-down axis-parallel
splits. When acell is split, it is split in half along a single dimension. Cells are split greedily
so as to maximize the information gained at each step. The effect of this heuristic is to split
nodes so that the two classes become separated as much as possible. A 5% bound on the error
of the density estimate is enforced by splitting cells only when both classes have at |east 400
points present.

e Logistic Regression Thisis the simplest of our classifiers, and the one perhaps most easily
implemented by neuronsin thevisual cortex. Initialization is random, and convergenceis fast
and reliable by maximizing the likelihood with about 5 Newton-Raphson iterations. We also
consider two variants. quadratic combinations of features, and boosting using the confidence-
rated generalization of AdaBoost by Schapire and Singer [66]. No more than 10 rounds of
boosting are required for this problem.

e Hierarchical Mixtures of Experts The HME model of Jordan and Jacobs [30] is a mixture
model where both the experts at the leaves and the internal nodes that compose the gating
network are logistic functions. We consider small binary trees up to a depth of 3 (8 experts).
The model is initialized in a greedy, top-down manner and fit with EM. 200 iterations were
required for the log likelihood to converge. Appendix B presents the multinomial logistic
model that we used in our HM E implementation.

e Support Vector Machines We use the SVM package 1 [9] to do soft-margin classification
using Gaussian kernels. The optimal parameterswere v=0.2 and ¢=0.2. In this parameteriza-
tion of SVMs, v provides the expected fraction of support vectors, which is also an estimate
of the degree of class overlap in the data. The high degree of class overlap in our problem also
explainsthe need for arelatively large kernel.

86



4.5. CUE COMBINATION

The ground truth boundary data is based on the dataset of [43] which provides about 5 human
segmentationsfor each of 1000 natural images from the Corel image database. We used 200 images
for training and algorithm development. The 100 test images were used only to generate the final
results for this chapter. Chapter 2 established that the segmentations of a single image by the differ-
ent subjects are highly consistent, so we consider all human-marked boundaries valid. We declare
an image location (z, y, ) to be on-boundary if it iswithin Az < /8 pixelsand A# < 30 degrees
of any human-marked boundary. The remainder are label ed off-boundary.

This classification task is characterized by relatively low dimension, a large amount of data
(100M samples for our 240x160-pixel images), poor class separability, and a 10:1 class ratio. The
maximum feasible amount of data, uniformly sampled, is given to each classifier. This varies from
50M samples for the density estimation and logistic to 20K samples for the SYM and HME. Note
that a high degree of class overlap in any low-level feature space is inevitable because the human
subjects make use of both global constraintsand high-level information to resolvelocally ambiguous
boundaries.

Figure 4.12(a) shows the performance of the seven classifiers using only the middle scale of
BG, CG, and TG. The PR curves all cross approximately at the maximal F measure point, and so
all the classifiers are equivalent as measured by the F measure. The classification tree and SVM
are able to achieve marginally higher performance in the high recall and low precision regime,
but they perform worse in the low recall and high precision area. Overall, the performance of all
the classifiers is approximately equal, but other issues affect model choice such as representational
compactness, stability, bias, variance, cost of training, and cost of evaluation.

The non-parametric models achieve the highest performance, as they are able to make use of the
large amount of training datato provide unbiased estimates of the posterior, at the cost of opacity and
alarge model representation. The plain logistic is stable and quick to train, and produces a compact
and intuitive model. In addition, the figure shows that the logistic’s bias does not hurt performance.
When given sufficient training data and time, all the variants on the logistic — the quadratic logistic,
boosted logistic, and HME — provided minor performance gains. However, the many EM iterations
needed to fit the HM E required us to subsample the training data heavily to keep training timewithin
reasonable limits.

The support vector machine was a disappointment. Training time is super-linear in the number
of samples, so the training data had to be heavily subsampled. The large class overlap produced
models with 25% of the training samples as support vectors, so that the resulting model was opague,
large, and exceedingly slow to evaluate. In addition, we found the SVM to be brittle with respect
to its parameters v and 0. Even at the optimal settings, the training would occasionally produce
nonsense models. Minute variations from the optimal settings would produce infeasible problems.
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We conclude that the SVM is poorly suited to a problem that does not have separable training data.

Panel (b) of Figure 4.12 shows the performance of each classifier, except the classification tree,
when all three scales are included for each of the three features. The results are much as before,
with virtually no difference between the different models. Balancing considerations of performance,
model complexity, and computational cost, we favor the logistic model and its variants.

4.6 Results

Having settled on a grayscale boundary model using a single scale each of BG and TG, and a
color model that adds a single scale of CG, we seek to compare these models to classical models
and the state-of-the-art. The model that we present as a baseline is MATLAB's implementation of
the Canny [6] edge detector. We consider the detector both with and without hysteresis. To our
knowledge, there is no work proving the benefit of hysteresis thresholding for natural images. We
will call the Canny detector without hysteresis“GD"”, asit is simply a Gaussian derivative filter with
non-maximasuppression. With hysteresis, the operator is called “ GD+H".

The GD and GD+H detectors each have a single parameter to tune — the o of the Gaussian
derivative filters. Figure 4.13(a) and (b) show the PR curves for various choices of . For both
cases, o = 1 pixel isagood choice. Note that the detector threshold is not a parameter that we need
tofit, sinceit is the parameter of the PR curves.

For the state of the art detector, we use a detector derived from the spatially-averaged second
moment matrix (2MM). It has|ong been known that the eigenspectrum of the second moment matrix
provides interesting features. For example, both eigenvalues being large may indicate a corner or
junction. This observation is the basis of the Plessey or Harris-Stephens [22] corner detector and
the Forstner corner detector [15]. One large and one small eigenvalue may indicate a smple edge.
The Nitzberg edge detector [49] used by Konishi et al. [31] is based on the difference between the
eigenvalues. What is common to these approaches is that they are all based on simple features
derived from the eigenvalues of the 2MM.

We apply the same training/test methodol ogy to our 2MM detector aswe do to our own detectors,
but we use the full eigenspectrum as a feature vector. From the 200 training images, we obtain on-
and off-boundary labels for pixels and train alogistic model using both eigenvalues of the 2MM as
features. Figure 4.14 shows the model trained in this manner. Panel (a) shows the distribution of the
training datain feature space. Pandl (b) shows the empirical posterior, and panel (c) showsthe fitted
posterior from the logistic model. In addition, in order to perform non-maxima suppression on the
2MM output, we calculated the orientation of the operator’s response from the leading eigenvector.

The 2MM detector also has scale parameters. Theinner scale isthe scale at which image deriva
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(a) Gaussian Derivative (b) GD + Hysteresis
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Figure 4.13: Choosing o for the Classical Edge Operators. The Gaussian derivative (GD) operator
(a) without hysteresis and (b) with hysteresis, and (c) the second moment matrix (2MM) operator,
fitted as in Figure 4.14. In (@) and (b), o ranges from 0.5 to 5.66 at half-octave scales. In (c), o
ranges from 0.5 to 3 at an increment of 0.5. From these experiments, we choose the optimal scales
of o=1for GD regardless of hysteresis, and 0=0.5 for 2MM.
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Figure 4.14: Optimizing the 2nd Moment Matrix Model (2MM). For this model, the two features
are the smaller and larger eigenvalues of the locally averaged second moment matrix. (&) shows
the histogram of samples from the 200 training images along with the 100 samples/bin contour. (b)
shows the empirical posterior probability of a boundary, and (c) shows the fitted posterior using
logistic regression. The linear decision boundary of the fitted logistic is drawn in both (b) and (c).
The coefficients of the fitted logistic are -0.27 for the larger eigenvalue and 0.58 for the smaller
eigenvalue, with an offset of -1.
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tives are estimated. We set the inner scale to a minimum value, estimating the derivatives with the
typical 3x3 [-1,0,1] filters. Figure 4.13(c) shows the optimization over the outer scale parameter,
which is the scale at which the derivatives are spatially averaged. Only a modest amount of blur is
required (¢ = 0.5 pixels). Note that some blur is required, or the second eigenvalue vanishes. Less
smoothing is not possible due to pixel resolution.

In Figure 4.15, we give a summary comparison of the BG, CG, and TG detectors, along with
two combinations: BG+TG for grayscale images, and BG+CG+TG for color images. It is clear that
each feature contains a significant amount of independent information. Figure 4.3 on page 65 shows
the comparison between the two Gaussian derivative operators (GD and GD+H), the second mo-
ment matrix operator (2MM), our grayscale BG+TG operator, and our color BG+CG+TG operator. 3
First, note that hysteresis does impart a marginal improvement to the plain GD operator, though the
differenceis pronounced only at very low recall rates. The 2MM operator does mark a significant
improvement over the Canny detector, except at low recall. The main benefit of the 2MM operator
isthat it does not fire where both eigenvalues are large — note the opposite signs of the coefficients
in the model. As aresult, it does not fire where energy at multiple orientations coincide at a pixel,
such as at corners or inside certain textures. Thus, 2MM reduces the number of false positives from

3Thelogistic coefficients for the BG+TG operator are 0.50 for BG and 0.52 for TG with an offset of -2.81. The coefficients
for the color model are 0.31 for BG, 0.53 for CG, and 0.44 for TG, with an offset of -3.08. The features are normalized to
have unit variance. Feature standard deviations are 0.13 for BG, 0.077 for CG, and 0.063 for TG.
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Figure 4.15: Detector Comparison. The performance of the edge detectors proposed in this chapter,
both independently and in combination.
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high contrast texture.

The operators based on BG and TG significantly outperform both classical and state-of-the-art
edge detectors. The main reason for the improved performance is a robust treatment of texture.
Neither GM nor 2MM can detect texture boundaries. For the same reason that 2MM suppresses
false positivesinside textured areas, it also suppresses edges between textured areas.

Figure 4.3 a so shows the performance of the human subjects in the segmentation dataset. Each
plotted point shows the precision and recall of a single human segmentation when it is compared to
the other humans segmentations of the same image. The median human F-measure is 0.80. The
solid line in the upper right corner of the figure shows the iso-F-measure line for 0.80, representing
the F-measure frontier of human performance.

Each of the curvesin Figure 4.3 uses a fixed distance tolerance d max = 1% of the image diago-
nal (2.88 pixels). Figure 4.16 shows the precision-recall curves for each detector as this tolerance
changes. The digital pixel grid forces a discretization of this parameter, so the figure shows the
result for dmax = {V/2,2,v/5,+/10}. Since the curves do not intersect and are roughly parallel, the
F-measure captures the differences effectively. Figure 4.17 shows how the F-measure changes as a
function of dme for each detector and for the human subjects. If a detector’s localization were good
to within 1 pixel, then the detector’s curve would beflat. In contrast, all of the machine curvesrevesl
localization error greater than that shown by the human subjects. Additional work on local boundary
detection will no doubt narrow the gap between machine and human performance, but large gains
will ultimately require higher-level algorithms.

We present qualitativeresultsin Figures 4.18 and 4.19. Thefirst figure shows various versions of
our detectors along with the humans' boundaries. The second figure shows a comparison between
the GD+H, 2MM, and BG+TG detectors, also alongside the human’s boundaries. Each machine
detector image shows the soft boundary map after non-maxima suppression, and after taking the
maximum over #. In Figure 4.18, we see the complementary information contained in the three
channels, and the effective combination by the logistic model. For example, color is used when
present in (b,c,i) to improve the detector output. Figure 4.19 shows how the BG+TG detector has
eliminated fal se positives from texture while retaining good localization of boundaries. This effect
is particularly prominent in image (€).

Overshoot artifacts are visible in the TG-only images in Figure 4.18(a-b), though they are sup-
pressed somewhat after cue combination. These artifacts hint at the next issue we must face in a
local boundary model: integrating high-level information. In order to integrate texture and color,
we must use operators with a large support. Such large supports cause problems at high-curvature
boundaries where the boundary does not follow the disc’s diameter, and where the support crosses
multiple regions. One would ideally clip the operator support at object boundariesin order to clar-
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Figure 4.16: Detectors at VVarious Distance Tolerances. The panels show precision-recall curvesfor
several detector as the matching tolerance varies from /2 to /10 pixels. Since the curves do not
intersect, the F-measureis agood representation of performance regardless of threshold. Figure 4.17
shows F-measure curves for this data.
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Figure 4.17: F-Measure for Detectors at Various Distance Tolerances. This graph shows the rela-
tionship between F-measure and the distance tolerance for the four detectors, along with the median
human performance. The human curve is flatter than the machine curves, showing that the humans
localization is good. The gap between human and machine performance can be reduced but not
closed by better local boundary models. Both mid-level cues and high-level object-specific knowl-
edge are likely required to approach the performance of the human subjects.

ify the signal. However, with feedback one must initially proceed from the low level, which is the
purpose of this chapter.

4.7 Conclusion

We have defined a novel set of brightness, color, and texture cues appropriate for constructing a
local boundary model. By using alarge dataset of human-labeled boundariesin natural images, we
have formulated the task of cue combination for local boundary detection as a supervised learning
problem. This approach models the true posterior probability of a boundary at every image location
and orientation, which is particularly useful for higher-level algorithms. The choice of classifier
for modeling the posterior probability of a boundary based on local cuesis not important; a simple
linear model is sufficiently powerful. Based on a quantitative evaluation on 100 natural images, our
detector outperforms existing methods, indicating that a proper treatment of textureis essential for
detecting boundariesin natural images.
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Image
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CG

TG

BG+CG+TG

Human

Figure 4.18: Boundary Images for Our Detectors. Rows 2 to 4 show real-valued probability-
of-boundary (P,) images after non-maxima suppression for the three cues. The complementary
information in each of the three BG, CG, and TG channelsis successfully integrated by the logistic
in row five. The boundariesin the human segmentations shown in the last row are darker where
more subjects marked a boundary.
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Figure 4.19: Boundary Images for Three Grayscale Detectors. These are the sameimagesasin Fig-
ure 4.18. Rows 2 to 4 show P;, images for the Gaussian derivative with hysteresis (GD+H), the 2nd
moment matrix (2MM), and our brightnesst+texture detector (BG+TG). The human segmentations
are shown once more for comparison. The BG+TG detector benefits from a suppression of edgeson
the interior of textured regions, and from operating at a large scale without sacrificing localization.
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Chapter 5

L earning a Pixel Affinity Model

In this chapter, we examine the problem of combining region and boundary cues for natural image
segmentation. We employ a large database of manually segmented images in order to learn an
optimal affinity function between pairs of pixels. These pairwise affinities can then be used to
cluster the pixels into visually coherent groups. Region cues are computed as the similarity in
brightness, color, and texture between image patches. Boundary cues are incorporated by looking
for the presence of an “intervening contour”, a large gradient along a straight line connecting two
pixels.

Wefirst use the dataset of human segmentationsto individually optimize parameters of the patch
and gradient features for brightness, color, and texture cues. We then quantitatively measure the
power of different feature combinations by computing the precision and recall of classifiers trained
using those features. The mutual information between the output of the classifiers and the same-
segment indicator function provides an alternative evaluation technique that yieldsidentical conclu-

sions.

As expected, the best classifier makes use of brightness, color, and texture featuresin both patch
and gradient forms. Figure 5.1 shows the performance of our best affinity models compared to the
human ground truth. We find that for brightness, the gradient cue outperformsthe patch similarity.
In contrast, using color patch similarity yields better results than using color gradients. Texture
is the most powerful of the three channels, with both patches and gradients carrying significant
independent information. Interestingly, the proximity of the two pixels does not add any information
beyond that provided by the similarity cues. We also find that the convexity assumptions made by
the intervening contour approach are supported by the ecological statistics of the dataset.
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Figure 5.1: Performance of Pixel Affinity Models. This figure shows the performance of our best
pixel affinity models compared to the affinity defined by the human data. The dots show the precision
and recall of each of 1366 human segmentations in the 250-image test set when compared to the
other humans segmentation of the same image. The large dot marks the median recall (99%) and
precision (63%) of the humans. The iso-F-measure curve at F=77% is extended from this point to
represent the frontier of human performance for this task. The three remaining curves represent our
patch-only model, contour-only model, and patch+contour model. Neither patches nor contours are
sufficient, as there is significant independent information in the patch and contour cues. The model
used to combine features is a logistic function with quadratic terms, which performs best among
classifiers tried on this dataset.
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5.1 Introduction

Boundaries and regions are closely intertwined. A closed boundary generates a region, and every
image region has a boundary. Psychophysical experiments suggest that humans use both boundary
and region cues to perform segmentation [75]. In order to build a vision system capable of parsing
natural images into coherent units corresponding to surfaces and objects, it is clearly desirable to
make global use of both boundary and region information.

Historically, researchers have focused separately on the sub-problems of boundary and region
grouping. Region based approaches are motivated by the Gestalt notion of grouping by similarity.
They typically involve integrating features such as color or texture over local patches of the image
[14, 23,56] and then comparing different patches [48,55]. However, smooth changes in texture
or brightness caused by shading and perspective within regions pose a problem for this approach
since two distant patches can be quite dissimilar despite belonging to the same image segment. To
overcomethese difficulties, gradient-based approaches detect local edge fragments marked by sharp,
localized changesin someimagefeature[6,46,38,53,42]. The fragments can then be linked together
in order to identify extended contours[51, 74, 12].

Less work has dealt directly with the problem of finding an appropriate intermediate repre-
sentation in order to incorporate non-closed boundary fragments into segmentation. Mathematical
formulations outlined by [18, 47,45] along with algorithms such as [39, 28] have attempted to unify
boundary and region information. More recently, [37, 69] have demonstrated the practical utility of
integrating both in order to segment images of natural scenes.

There are some widely held “folk-beliefs’ regarding the various cues used for image segmenta-
tion:

1. Brightness gradients (caused by shading) and texture gradients (caused by perspective) neces-
sitate a boundary-based approach.

2. Edge detectors are confused by texture, so one must use patch-based similarity for texture
segmentation.

3. Color integrated over local patchesis arobust and powerful cue.
4. Proximity is agood indicator for grouping.

These statements have not been tested empirically, however. By using a dataset of human segmenta-
tions as ground truth, we are able to provide quantitative results regarding the ecological statistics®
of patch- and gradient-based cues and gauge their relative effectiveness.

10ur approach follows the lines of Egon Brunswik’s suggestion nearly 50 years ago that the Gestalt factors made sense
because they reflected the statistics of natural scenes [4].
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We treat the problem of integrating both gradient and patch information for segmentation within
the framework of pairwise clustering [67, 76, 65, 68, 13,52, 17, 72]. In contrast to central clustering
techniques such as k-means or mixtures-of-Gaussians, which compare each pixel (or other image
element) to some small set of prototypes, pairwise techniques rely on the evaluation of an affinity
function between each pair of image pixels. Although pairwise techniques tend to be more com-
putationally expensive, they have the advantage of removing the constraint that pixels be explicitly
embedded in some normed vector space where Euclidean or Mahalanobis distances “ make sense”.
Instead, pixelsare implicitly described by their similarity to every other pixel in the image.

The pairwise framework allows patch and gradient information equal footing in the following
way. Associate a descriptor to each pixel that captures color, brightness and texture in a neighbor-
hood of the pixel. The patch-based similarity between two pixelsis afunction of the differencein
their descriptors. A gradient is computed as the change in these local descriptors between nearby
pixels. For each pair of pixels, record the magnitude of the gradient encountered along a straight
path connecting the two pixelsin the image plane. Large gradients indicate the presence of an “in-
tervening contour” [34] and suggest that the pixels do not belong to the same segment. The pairwise
affinity between the i-th and j-th pixel is given by a function whose arguments are the similarity
between the i-th and j-th local descriptors and the gradients along the path from ¢ and j.

Most applications of pairwise clustering to segmentation have made use of heuristically derived
affinity functions, such as Mdlik et al. [37]. Meila and Shi [44] make a natural proposal to learn
optimal pairwise affinitiesfrom training data. 1n the results presented here, nearly all free parameters
— filter scales, histogram binning and quantization, descriptor windowing, combination of gradient
features, and so on — have been carefully optimized with respect to training data. Our goal in this
chapter is to explicitly model the posterior probability of two pixels belonging to the same image
segment conditioned on photometric properties of the image. Figure 5.2 shows examples of both
ground truth affinity functions and affinity models learned from data.

We provide two general schemes for evaluating the effectiveness of different combinations of
features. The first is to train a classifier that declares two pixéls as lying in the same or different
segments given some set of features. Classifier performance is then evaluated by considering the
trade-off between precision and recall. The second approach is to compute the mutual information
between the classifier output and the same-segment indicator provided by the human segmentations.
These two schemes are in strong agreement, which lends force to our findings:

e Segmentations of the same image by different humans are quite consistent with each other.
“Fing” segmentations tend to be “coarse” segmentations with regions that have been refined
by breaking them into roughly convex parts.

e The ecological statistics of the dataset show that regions are mostly convex, validating the
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Human IC Patch+IC 1C-Only Patch-Only Image

Human SS

Figure 5.2; Pixel Affinity Images. The first row shows an image with one pixel selected. The
remaining rows show the similarity between that pixel and all other pixelsin the image, where white
ismost similar. Rows 2 to 4 show our patch-only, contour-only, and patch+contour affinity models.
Rows 5 and 6 show the pixel similarity given the ground truth data, where white corresponds to
more agreement between humans. Row 6 shows simply the same-segment indicator function, while
row 5 is computed using intervening contour on the human boundary maps.
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assumptions made by the intervening contour approach.

¢ |ntervening contour and patch comparisons both provide significant, independent information
about whether two pixels belong in the same segment.

e The color cueis best captured using patches, while for brightness one should use gradients.
For texture, both gradients and patches are valuable.

e The proximity of two pixels does not provide any information not given by the patch-based or
gradient-based similarity. It is simply aresult, not a cause, of grouping.

5.2 Methodology

We formulate the problem of learning the pixel affinity function as a classification problem of
discriminating same-segment pixel pairs from different-segment pairs. Let .S;; be the true same-
segment indicator so that S;; =1 when pixels ¢ and j are in the same segment, and S;; =0 when
pixelsi and j arein different segments.

The dataset presented in Chapter 2 provides the ground truth segmentation data. We use the
color segmentations for 500 images, divided into test and training sets of 250 images each. Each
image has been segmented by at least 5 subjects, so the groundtruth S ;; is defined by aset of human
segmentations. We declare two pixelsto lie in the same segment only if all subjects declare them to
lie in the same segment.

Given a classifier output S‘ij , we can eva uate the classifier’s performancein two ways. Our first
evaluation technique uses the precision-recall (PR) framework, asin Chapter 4. Precision measures
the probability that two pixels declared by the classifier to be in the same segment are in the same
segment, i.e. P(SiJ:1|5‘i,:1). Recall measures the probability that a same segment pair is detected,
i.e P(S;;=1|S;=1).

The second approach to evaluating a classifier measures the mutual information between the
classifier output S and the ground truth data S, as discussed in Section 3.1.1. Given the joint distri-
bution p(z,y) = P(S =z, S =y), the mutual information I is defined as the Kullback-Liebler di-

vergence between the joint and the product of the marginals, so 1(S; S) = s , P(z,y)log p’(’;;“’l;‘(’;) .

We compute the joint distribution by binning the soft classifier output.

Chapter 3 provides target performance numbers for our affinity models. In that chapter, we
evaluated the ground truth affinity functions generated by human segmentations. The median F-
measure for the human subjects was 0.76, and the median mutual information 0.25.
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5.3 Features

We will model the affinity between two pixels as afunction of both patch-based and gradient-based
features. In each case, we can use brightness, color, or texture, producing atotal of six features. We
also consider the distance between the pixels as a seventh feature.

5.3.1 Patch-Based Features

Given a pair of pixels, we wish to measure the brightness, color, and texture similarity between cir-
cular neighborhoods of some radius centered at each pixel. These features are similar to the gradient
features used in Chapter 4. The differenceis that instead of computing the similarity between two
adjacent half discs, here we compute the similarity between two whole discs.

For the brightness and color patch features, all of the same issues that were presented in Sec-
tion 4.2.3 arise regarding histogram comparison techniques and kernel density estimation. We take
the same approach here of using the 1976 CIE L*a*b* color space separated into luminance and
chrominance channels. We model brightness and color distributions with histograms constructed by
binning kernel density estimates, and compare histograms with the y 2 histogram difference opera-
tor. For the brightness cue, we use the L* histogram for each pixel. For color, we compute separate
a and b* histograms, and sum their respective y 2 contributions.

For the patch-based texture feature, we compare the distributions of filter responses in the two
discs. Asin Section 4.2.4, we compare texton distributions with y 2, where the textons are computed
by clustering filter bank responses with k-means. The texture descriptor for a pixel is therefore a
k-bin histogram over the pixelsin adisc of radius r centered on the pixel.

All of the patch-based features have parameters that require tuning, such as the radius of the
discs, the binning parameters for brightness and color, and the texton parameters for texture. Sec-
tion 5.4.2 covers the experiments that tune these parameters with respect to the training data.

5.3.2 Gradient-Based Features

Given a pair of pixels, consider the straight-line path connecting them in the image plane. If the
pixels lie in different segments, then we expect to find, somewhere along the line, a photometric
discontinuity or intervening contour [34]. If no such discontinuity is encountered, then the affinity
between the pixels should be large.

In order to compute the intervening contour cue, we require a boundary detector that works
robustly on natural images. For this we employ the gradient-based boundary detector of Chapter 4.
The output of the detector is a B, image that provides the posterior probability of a boundary at
each pixel. We consider the three B, images computed using brightness, color, and texture gradients
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Figure 5.3: Loss from Straight-Line Intervening Contour.  The top curve shows the probability
— in the human segmentations — that there is no intervening contour between two same-segment
pixels, conditioned on image plane distance. Anintervening contour of this sort can occur only from
concavities. Therefore, this curve shows the degree to which segments are convex as a function of
scale. Thelower curve shows the distribution of the same-segment pairs used in the computation.

individually, as well as the B,image that combines the three cues into a single boundary map. The
combined model uses alogistic function trained on the dataset, which is well motivated by evidence
in psychophysicsthat humans make use of multiple cuesin localizing contours [59] perhapsusing a
linear combination [32].

We compute the intervening contour cue for two pixels ¢ and j from the P, values that occur
along the straight line path T'(¢) connecting the two pixels. We consider the family of measures
Lr(T) = (3, Pb(l“(t))”)l/” for p = {0,1,2,4, 00}, as well as the mean of B,(I'(¢)). The next
section will cover the choice of the intervening contour function, aswell as the best way to combine
the contour information from the brightness, color, and texture channels.

5.4 Findings

5.4.1 Validating I ntervening Contour

Although the ecological statistics of natural images indicate that regions tend to be convex [16], the
presence of an intervening contour does not necessarily indicate that two pixels belong in different
segments. Concavities introduce intervening contours between same-segment pixel pairs. In this
section, we analyze the frequency with which this happens.

Given the union of boundary maps for al human segmentations of an image, we measure the
probability that same-segment pairs have no intervening boundary contour. Figure 5.3 shows this
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p(Lhop|SL) ~ p(lhop[-SL)

Small Scale

Large Scale

Figure 5.4: One-Hop Paths. Each panel shows two pixels, marked with squares, that all humans
declared to be in the same segment. The intensity at each point represents the empirical probability
that a one-hop path through that point does not intersect a boundary contour. The left column is
conditioned on there being an unobstructed straight-line (SL) path between the pixels, while the
right column shows the probabilities when the SL path is obstructed. The top row shows data
gathered from pixel pairs with small separation; the bottom row for pairs with large separation.

probability as afunction of pixel separation, along with the frequency of same-segment pairs at each
distance. If the regions were convex, then the curve would be fixed at one. We see that straight-line
intervening contour is agood approximation to the same-segment indicator for small distances: 49%
of pairsarein the >75% range.

When straight-line intervening contour fails for a same-segment pair, there exists a more com-
plex path connecting the pixels. Consider the set of paths that consist of two straight-line segments,
which we call one-hop paths. The situations where one-hop paths succeed but straight-line pathsfail
can give us some intuition about how much can be gained by examining paths more complex than
straight line paths.

Figure 5.4 showsthe empirical spatial distribution of one-hop paths between same-segment pixel
pairs, using the union of human segmentations. The probability of a one-hop path existing is condi-
tioned on (left) there being a straight-line path with no intervening contour and (right) on there being
no straight-line path. If the human subjects’ regions were completely convex, then the right column
imageswould be zero. Instead, we see that when the straight-lineintervening contour fails, thereisa
small but significant probability that a more complex one-hop path will succeed, and the probability
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of suchapathislarger for smaller scales. Thereisclearly some benefit from the more complex paths
due to concavities in the regions. However, the degree to which an algorithm could take advantage
of the more powerful one-hop version of intervening contour depends on the frequency with which
the one-hop paths find holes in the estimated boundary map. In any case, the figure makes clear that
the simple straight-line path is agood first-order approximation to the connectivity of same-segment
pairs.

Since the straight-line version of intervening contour will underestimate connectivity in con-
cave regions, it may have a tendency toward over-segmentation. Figure 5.5 shows the effect on
precision and recall for the human data when we add the constraint that same-segment pairs must
have no intervening boundary contour. Asin Chapter 3, we are comparing a left-out human to the
union of the remaining humans. On average, the union segmentation will be more detailed than
the left-out human. The figure shows aincrease in median precision from 66% to 75%, indicating
that intervening contour tends to break up non-convex segments in a manner similar to the human
subjects. Thislends confidence to an approach to perceptual organization of first finding convex ob-
ject pieces through low-level processes, and then grouping the object pieces with into whole objects
using higher-level cues.

5.4.2 Performance of Patches

Each of the brightness, color, and texture patch features has several parameters that require tuning.
We optimized each patch feature independently via coordinate ascent to maximize performance on
thetraining data. Figure 5.6 shows the result of the coordinate ascent experiments, where no change
in any single parameter further improves performance.

For brightness and color, aradius of 5.76 pixels was optimal, though performanceis similar for
larger and smaller discs. In contrast, the texture disc radius has greater impact on performance, and
the optimal radiusis much larger at 16.1 pixels.

The brightness and color patches also have parameters related to the binned kernel density esti-
mates. The binning parametersfor brightness areimportant for performance, whilethe color binning
parametersarelesscritical. A larger o indicatesthat small differencesin the cue areless perceptualy
significant—or at least less useful for this task.

Apart from the disc radius, the texture patch cue has additional parameters related to the texton
computation. The upper right tablein Figure 5.6 shows the optimization over the number of textons,
with 512 being optimal. In general, we found that the number of textons should be approximately
half the number of pixelsin thedisc. In addition, we find agreement with [42, 35] that the filter bank
should contain a single scale, and that the scale should be as small as possible.

Figure 5.7 shows the performance of classifiers trained on each patch feature individually, along
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Figure 5.5: Intervening Contour and Refinement.
intervening contour approach agrees with the refinement of objects by human observers. Thetop left
graph shows the distribution of precision and recall for al color segmentations in the dataset, eval-
uated using the leave-one-out method. The right graph adds the constraint that the same-segment
pairs from the left-out human must not have an intervening boundary contour. The recall naturally
decreases from adding a constraint to the “signal”. From the marginal distributions shown in the
lower graph, we see that precision increases with the added constraint. Because the union segmen-
tation is, on average, a refinement of the left-out segmentation, intervening contour tends to break

The potential over-segmentation caused by the

non-convex regions in a manner similar to the human subjects.
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Patch Radius Number of Textons
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0.056 || 0.45|.067||0.48|.091|| 0.55|0.12 2048ll052| 010
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o112l - | - | - | - ||050|.089
Texton Filter Bank
Kernel Density Estimate Scale F | MI
Brightness  Color 0.007 0.55/0.12
Sigma|Bins|| F | MI | F | Ml 0010 1/055/0.11
0.025 | 100 [[0.40[.041[[ 0.48 | 085 0014 110.530.11
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04 | &6 lloasl o73ll 049 | 087 0.010-0.020{|0.53( 0.11
08 | 3 ||0.45|.062| 048 |.083 0.014-0.028]0.51].091

Figure 5.6: Optimization of Patch Features. The parameters of the patches were optimized on the
250-imagetraining set so that no changein any single parameter improves performance. The optimal
patch sizes and filter scales arein units of the image diagonal, which is 288 pixels for our 240x160
images. The accessible ranges of the L*a*b* color axes were scaled to [0, 1], which is the scale for
the o parameter. The Gaussian kernel was sampled at 21 points from [—20, 20]. We must reduce
the number of binsas ¢ increases to keep the number of samples per bin constant. In the lower right
table, the multi-scale texton filter bank contains three half-octave scales covering the range shown.
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Figure 5.7: Precision-Recall of Patch Features. The lower curve shows the performance of the
distance cuefor reference. The next three curves show the performance of the brightness, color, and
texture cues respectively. The top curve shows the result of combining the three cues with alogistic
model. Textureisthe most powerful cue, but much benefit is gained by using all three.
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Figure 5.8: Intervening Contour Cues. The comparison of different intervening contour functions
(left) shows that L°° is superior. The right graph explores the two ways we can combine different
intervening contour cues into a single contour cue. We can either compute the intervening con-
tour feature for brightness (ICh), color (1Cc), and texture (ICt) separately and then combine with
a classifier (ICb+ICc+ICt), or we can use the B, function that combines the three channels into a
single boundary map for the intervening contour feature (1Chct). We achieve better performance by
computing separate contour Cues.

with a classifier that uses al three. It is clear that each patch feature contains independent informa-

tion, and that texture is the most powerful cue.

5.4.3 Performance of Gradients

The gradient cues are based on B, images, which give the posterior probability of aboundary at each
image location. The B, function can incorporate any or all of the brightness, color, and texture cues,
though consider for the moment the version that uses all three. Which intervening contour function
should we use? The left panel of Figure 5.8 shows the performance of various functions including
the mean, and the range of L?(T") functions from sum to max. The L version is clearly the best
approach. Both the mean and the sum perform significantly worse. The results are the same no
matter which cuesthe R, function uses. Note that the max does not include any encoding of distance.

Theright panel of Figure 5.8 comparesthe two waysin which we can combine the contour cues.
We can either compute the intervening contour feature for brightness, color, and texture separately
and then combine with a classifier, or we can use the B, function that combines the three channels
into a single boundary map for the intervening contour feature (IChct). We achieve dightly better
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Figure 5.9: Distance as a Grouping Cue. In this figure, we investigate the utility of the distance
between two pixels as a cue for grouping. The Gestalt school identified proximity as a grouping
cue, however, in all casesthe classifier performanceis the same whether or not distanceisused. The
right panel shows the same experiment with the test and training sets swapped. We performed all
our experiments with swapped sets. Results were always consistent, with the F-measure and mutual
information accurate to within two decimal places.

performance using the three individual contour cues than using the combined Py, .

5.4.4 Cue Combination

We now have seven prospective cues for our model of the pixel affinity, though we expect some to
be redundant. The cues are brightness, color, and texture patches, intervening contour from the same
three channels, and the distance between the two pixels in the image plane. We first evaluate the
power of the distance cuein Figure 5.9. Whether we use a patch-only model, a contour-only model,
or a patch+contour model, the result is always the same: distance does not add any information
beyond that already provided by similarity cues.

We expect that the superiority of patch versus contour cues to differ depending on the feature
channel. Smooth shading and foreshortening effects may favor brightness and texture gradients,
while it is “well known” that color patches are a stable cue. Figure 5.10 shows the patch-only,
contour-only, and patch+contour models for each of the brightness, color, and texture channels.
As expected, the brightness patch proves to be far weaker than the brightness contour cue, with
only marginal benefit from combining the two. Neither patches nor contours seem to dominate
the color or texture channels. However, both texture cues appear quite powerful with independent

information.
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Figure 5.10: Per-Cue Patch and Gradient Combinations. The three plots show classifiers that use

either brightness (top left), color (top
of aclassifier using the patch cue, the
an especially weak cue, which can be
Both texture patches and texture grad
superior to using one alone.

right), or texture (bottom). Each plot shows the performance
gradient cue, and both together. The brightness patch appears
expected from the frequency of shading gradientsin images.
ients are powerful cues, and their combination is everywhere
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Figure 5.11: Feature Pruning. In the upper panel, we start with no features and add one feature at a
timeto the model in order to maximize performancein agreedy manner. Inthelower panel, we start
with all six features, and greedily remove the worst feature, one feature at atime. In both cases, the
model of choice uses the brightness gradient, color patches, and both texture cues. The brightness
patch and color gradient are weak cues, while the color patch and both texture cues are powerful.
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In order to determine the most fruitful combination of cues, we executed both top-down and
bottom-up feature pruning experiments. Figure 5.11 shows the result. In both cases, the model that
maximizes performance using the fewest cues is the 4-cue model containing the brightness contour
cue, the color patch cue, and both texture cues. All three feature channels — brightness, color, and
texture — are represented, with particular emphasis on texture. From the bottom-up pruning, it is
clear that the texture cues are the most powerful along with color patches. It isinteresting to see that
at all stages in the pruning experiments, the model contains a balance between patch and contour
cues, as well as a balance between the three feature channels.

5.45 Choiceof Classifier

As in Chapter 4, the choice of classifier is not important. Performance was aways nearly identical
whether we used a non-parametric density estimation method, or parametric models based on lo-
gistic regression, including simple logistic regression, logistic regression with quadratic features, or
hierarchical mixtures of experts. To afirst order approximation, alinear combination of featuresis
sufficient. We favor the logistic with quadratic terms since it yields a slight improvement over the
linear logistic function with little added computational cost.

5.5 Conclusion

We have shown how to combine patch and contour information into a model of pixel affinity for
the purpose of image segmentation. For both patches and contours, we formulate brightness, color,
and texture cues based on histogram differences. Contour cues are constructed in the intervening
contour framework, which is justified by the ecological statistics of human segmentations. The six
cues are carefully optimized with respect to a large dataset of manually segmented natural images,
and then combined with a classifier trained on the ground truth data.

We can now revisit the so-called “folk-beliefs’ listed in the introduction:

e Brightness gradients (caused by shading) and texture gradients (caused by perspective) ne-
cessitate a boundary-based approach. Thisis not true, since the patch-based features are as
powerful as the boundary-based features.

e Edge detectors are confused by texture, so one must use patch-based similarity for texture
segmentation. Thisis patently false, as Chapter 4 demonstratesthat we can incorporate texture
into a boundary detector. Infact, Figure 5.11 shows that in this chapter, the texture gradient is
our most powerful cue!
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e Color integrated over local patches is a robust and powerful cue. It does appear that color
patches are more effective than color edges when used in conjunction with other cues: the
most effective three-cue models in Figure 5.11 include the color patch feature. However,
Figure 5.10 indicates that when color is used aone, the color gradient is more effective than
color patches. Thisis likely due to the existence of color gradients across objects. Though
not as common as brightness gradients, which essentially cripple the brightness patch cue,
color gradients do exist in the natural world. In addition to albedo-induced gradients, color
gradients are caused by mutual illumination and shading.

e Proximity is a good indicator for grouping. Proximity is far less powerful than any of our
patch-based or gradient-based cues. In addition, the proximity cue does not improve the per-
formance of modelsthat use other cues. It appearsthat proximity does not add any information
for grouping beyond that provided by local image-based features.

Figure 5.1 on page 98 shows the performance of our final pixel affinity models compared to the
human dataset. Both precision-recall and mutual information measures indicate that patches and
gradients contain significant independent information. The combined model outperformsthe patch-
only and gradient-only models, but the result falls short of human performance. The gap may be
closed by incorporating mid- and high-level cues into the model of pixel affinity, such as closure,
convexity, symmetry, and familiar configuration.
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Chapter 6

Summary and Conclusion

| have presented the Berkeley Segmentation Dataset, a large and unique dataset of natural images
segmented by human subjects. Figure 6.1 shows a sample of the data. The images are of complex,
natural scenes, and there are multiple segmentations of each image. | have shown in Chapter 2
that the segmentations of an image by different subjects are consistent under amodel of refinement.
Even without allowing refinement, however, the different segmentations are surprisingly similar.
This agreement is visible in Figure 6.1, where darker lines signify that a boundary was marked
by more subjects. We confidently reject the common assertion that segmentation is an ill-posed
problem.

The segmentation data is a valuable source of information for the ecological statistics of hu-
man vision. As we assume that the human visual system exploits statistical regularity in the visual
stimulus, we aim to do the same in our machine vision algorithms. To this end, | have outlined in
this thesis a process by which we can systematically learn models of perceptual organization from
data. The human data provides ground truth labels for various sub-problems. Statistical learning
machines provide the means of fitting computational modelsin a statistically optima manner.

We have taken significant steps toward a completely data-driven segmentation algorithm by
learning a local boundary model in Chapter 4 and a pixel affinity model in Chapter 5. The re-
sults of the learned boundary model show that the data-driven approach is valuable. Figure 6.2
shows the performance of the circa 1980 Canny detector with and without hysteresis, the circa 1990
state-of-the-art Nitzberg/Forster/Harris edge detector based on the second moment matrix, and our
circa 2000 detector. All of the models were trained exhaustively on the same dataset.

First note that hysteresisimproves the Canny detector only marginally. We are confident that the
majority of boundary detection work that popul atesthe literature of the 1980s operatesin this narrow
range of performance. The second moment matrix detector isadlight improvement, but our gradient-
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Figure 6.1: Example Images and Human-Marked Segment Boundaries. Each image shows multiple
(4 to 8) human segmentations. The boundaries are darker where more humans marked an edge.
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Figure6.2: Two Decades of Boundary Detection Research. Thisfigure showsthe performanceof our
boundary detectors compared to classical boundary detection methods and to the human subjects
performance. Precision-recall curves, described in Section 3.1.2, are shown for five boundary de-
tectors: (1) Gaussian derivative (GD), (2) Gaussian derivative with hysteresis thresholding (GD+H),
the Canny detector, (3) A detector based on the second moment matrix (2MM), (4) our grayscale
detector that combines brightness and texture (BG+TG), and (5) our color detector that combines
brightness, color, and texture (BG+CG+TG). Each detector’s curve shows the tradeoff between ac-
curacy and noise as the detector’s threshold varies. Shown in the caption is each curve's maximal
F-measure, valued from zero to one, along with the coordinates of the location of the maximum.
The points on the plot marked with “+” show the precision and recall of each ground truth human
segmentation when compared to the other humans. The median F-measure for the human subjects
is0.80. The solid curve shows the F=0.80 precision-recall curve, representing the frontier of human
performance for this task.
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Figure 6.3; Performance of Pixel Affinity Models. This figure shows the performance of our best
pixel affinity models compared to the human subjects. The dots show the precision and recall of
each of 1366 human segmentations in the 250-image test set when compared to the other humans
segmentations of the same image. Thelarge dot marksthe median recall (99%) and precision (63%)
of the humans. The iso-F-measure curve at F=77% is extended from this point to represent the
frontier of human performance for this task. The three remaining curves represent our patch-only
model, contour-only model, and patch+contour model. Neither patches nor contours are sufficient,
asthereis significant independent information in the patch and contour cues. The model isalogistic
function with quadratic terms, which performs best among classifiers tried on this dataset.

based models show a marked increase in performance. The improvement in the gradient detector
comes from two factors: (1) an explicit model of texture edges, and (2) an effective combination
of brightness, color, and texture cues. It is interesting to note that it does not matter which model
one uses to combine the three cues. A simple logistic model performs as well as decision trees,
density estimation, boosted logistic regression, hierarchical mixtures of experts, and support vector
machines.

One contribution of this work is that we have significantly improved the quality of boundary
detection on natural images. However, it is perhaps the methodology that is most important. It is
only through rigorous empirical evaluation using precision-recall curves that we were able to guide
our gradient-based boundary model to higher performance. Without the boundary-detection micro-
benchmark provided by the dataset, we would not have achieved the gainsthat we did.
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Now that we have a boundary detector that works well on complex, natural images, we take the
next step towards segmentation. Working in Chapter 5 within the popular framework of pairwise
clustering for segmentation, we used the human data to learn a model of pixel affinity. This model
is based on both the gradient-based features of Chapter 4, and simple patch-based features. We
formulated seven features for the pixel affinity model: image plane distance, patch similarity for
brightness, color, and texture, and intervening contour features based on the brightness, color, and
texture gradients. Figure 6.3 shows the precision-recall curvesfor three of our affinity models com-
pared to the human data: patch-only, gradient-only, and patch+gradient. It is clear that both patches
and gradients provideindependent information for the task. The gap to human performance must be
bridged by additional mid-level and high-level cues.

Our primary goal in Chapter 5 was to determine which features were useful for defining pixel
affinity. The model that maximizes performance by using the fewest features uses both texture cues,
the color patches, and the brightness gradient. In performing the experiments to optimize each cue
and explore cue combinations, we reach conclusions that contradict several commonly held beliefs
about segmentation:

1. Neither a patch-based nor gradient-based approach is superior for segmentation. Both con-
tain significant independent information, so our model of pixel affinity uses both patch and
gradient cues.

2. Edge detectors can deal with texture. If this was not clear from Chapter 4, then it should
be clear given that the most powerful cue in Chapter 5 was the texture gradient. Textureis
therefore not a reason to favor patch-based approaches.

3. Color patches are not a silver bullet for segmentation. If color is used aone, then the color
gradient performsbetter. If other cues are used, then the color patches are preferable, but the
texture cues are far more powerful. Color is not astrong signal in natural images both because
saturated colors are scarce, and because of the presence of color gradients.

4. Proximity is not agood indicator for grouping. All of our other cues soundly out-performed
proximity. Once one considersthe content of theimage, proximity does not provide additional
information.

In addition to these conclusions, we also find that the intervening contour approach is supported
by the dataset in the sense that segments are convex, especially at small scales. Furthermore, we
find that intervening contour tends to break up segmentsin a manner similar to the way our subjects
refine segmentations. This finding supports an approach to segmentation that first finds convex
object parts, and then groups the object parts into whole objects.
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That our results contradict several common beliefsin computer vision shows the true value of an
empirical approach to computer vision. Introspection and intuition are valuable tools, but they can
lead to erroneous conclusionsif ideas are not tested scientifically.

The next logical step in thisline of work isto derive full segmentation algorithmsfrom the data,
and to enforce additional Gestalt grouping cues such as curvilinear continuity, closure, convexity,
symmetry, and familiar configuration. This is future work, but we have developed the necessary
guantitative methodsin Chapter 3. For example, contour completion algorithms can be evaluated by
measuring how much the boundary map improves, using precision-recall curves computed by edgel
matching. Pairwise clustering algorithms can be evaluated by how much they improve the pixel
affinity function, using either mutual information or precision-recall. Given that we have micro-
benchmarks for both boundary detection and pixel affinity, we can quantitatively evaluate arbitrary
black-box improvementsto these modules.

None of this work is possible without human data. We feel that computer vision must become
more data-driven. Though time-consuming, we must study human subjects and create datasets.
Fortunately, we found that a single dataset can suffice for evaluating many aspects of a task if the
dataset is large, high-level, and based on human perception. For image segmentation, we collected
high-level object-based segmentations, and were therefore able to create micro-benchmarksfor the
different elements of segmentation algorithms. This provided the perfect environment for developing
robust low-level modules, since the high-level nature of the data introduces “noise” with the proper
ecological statistics.

We are confident that this empirical approach will continue to produce significant improvements
in general-purpose image segmentation, as well as further insights into perceptual organization. Of
particular interest are the problems of figure-ground assignment, hierarchy in perceptual organiza-
tion, and class-specific recognition, though all areas of computational vision would benefit from a
data-driven methodology. As computer vision researchers, we aim to understand human vision and
build systems that achieve human-level performance on vision tasks. It seems only sensible to mark
the target with data, search the data for patterns, and measure our progress with benchmarks.
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Appendix A

Computing Gradient Features

The most computationally expensive part of the gradient computations of Chapters 4 and 5 is the
computation of the half-disc feature histograms. At each pixel, we must compute two histograms
over semi-circular neighborhoodsat several orientationsand several scales. Properly structured, this
computation can be done efficiently.

The most significant speedup is achieved by optimizing the loop over orientations. Assuming
that we wish to compute the gradient at n evenly spaced orientations, we can divide the disc into
2n pie dices. If we compute the pixel histogram for each pie dlice, then any half-disc histogram is
simply the sum of n adjacent pie slice histograms. In addition, we can compute the histograms for
orientation i + 1 incrementally from the histograms from orientation ¢ by subtracting the last slice
and adding the next dlice as we spin the disc. Note also that the initial step of computing the pie
dlice histograms can be optimized by precomputing a slice membership mask.

For the texture gradient, these optimizations are sufficient. However, the soft binning required
by the brightness and color gradients present other opportunitiesfor speedup. Each pixel contributes
multiple pointsto the histogram, one for each kernel sample. Precomputing kernel offsetsand values
is effective, though this approach is slow if the number of kernel samplesislarge. If there are more
kernel samples than bins, then one should precompute the total histogram contribution from each
pixel.

Other loops admit additional optimization opportunities. In the same way that we split the disc
by orientationinto pie slices, one could additionally split the disc into concentric rings corresponding
to the multiple scales. Since our half-octave scales produce an areaincrement for the disc of 2x per
scale, our computation is dominated by the largest scale. A smaller scale increment would justify
this optimization.

Thereis still much redundant computation as we sweep the disc across ascan-line. The piedlice
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histograms change slowly between adjacent pixels, especially when the number of orientations is
not large. It is possible to compute the slice histograms incrementally by computing slice update
masks. For large radii, this optimization achieves an order of magnitude speedup.
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Appendix B

Multinomial L ogistic Regression

The hierarchical mixtures of experts (HME) model of Jordan and Jacobs [30] is a mixture model
where both the experts at the leaves and the internal nodes that comprise the gating network are
logistic functions. One can build an HME model with a binary logistic regression module, however
in that case one is restricted to a binary HME model with a binary tree gating network. We were
interested in more general models, and so we implemented a general multinomial HME. To do this,
we required an implementation of multinomial logistic regression. However, we could not find an
implementation, and the literature did not contain a rigorous derivation that we could find. This
appendix presents the derivation for the Newton-Raphson update rules for fitting a multinomial
logistic model.

L et the probability that data point  was generated by class j be:

G B.1
pi(z,B) = W (B.1)
[ denotesthe collection {51, s, . .., Bk }.
The gradient of this function (which we will use later) is:
8 o it
6—&1’1'(37,5) = 5_51 Em eBhw
() (£ %) - () ()
- (X e%ne)”
eBi e B
B Zm 653;10 6ij - Zm 653;-? !
= pj(z,B) [6;; — pi(, B)] © (B.2)
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APPENDIX B. MULTINOMIAL LOGISTIC REGRESSION

Tofit this model we need thelikelihood for NV 11D samples{(z1,y1), - - -, (Zn, yn) } With sample
weights {wy, ..., wy, }. y, iSasoft class membership vector with unit L1 norm where y ¥ givesthe
probability of membership of z,, to class k. The w,, are scalar weightsin [0, 1].

Thelikelihoodis:

n

L) = [ [ pe(@n. B)=* (B.3)
k

Thelog likelihood is:
n k

We would like to maximize the log likelihood using the Newton-Raphson method, for which we
will need the gradient and Hessian of ¢ with respect to each .

First, the gradient vector:

ot _ 0 k
6_Bj — aﬂj Zanyn log pi(wn, B)

n

= ZZ mn;ﬂ %pk(xnaﬂ)
_Zzw” T, B pk(ﬂfn,ﬂ)[ pj(xnaﬂ)]xn

= Z WnTp lz yfﬁjk — pj(Tn, B) Z yﬁ]
k

Second, the Hessian matrix:
P 0 (ﬁ)
0p:0BT 8B~ ap;
861 zn:wn —Dj mn;ﬂ)]

=-> wnxfa—ﬂipj(fvn, B)

== wap;(xn, B) [6:; — pi(wn, B) T} (B.6)

The Newton-Raphson update step is:

2p(3t\\ ~L ¢
o - (B02) 7 26 o
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B.1. IMPLEMENTATION DETAILS

The update step in matrix notation is:
it =g —H g (B.8)

where H and g are the Hessian and gradient for the pooled 3 ;:

0" =[B1 B3 - Bl (B.9)
g’ =[g{ 93 9%] (B.10)
Hll HIZ Tt HlK
Hy;  Hio Hok
H=| _ _ (B.11)
Higy Hgs -+ Hgrk
ol
gi = a5, (B.12)
0%t
Hii = B.13
25,087 (B-L3)

We can write the gradient and Hessian sub-blocks in matrix notation:

g9 = XW(y' —p(X,8)" (B.14)

H;; -XWZ;; X" (B.15)

wherey? = [yiyd .- y4], X = [z172 - - 2n], W is adiagonal matrix containing the sample
weights w,,, and Z;; is adiagonal matrix with its n’th entry equal to:

Z; = pj(xn, B) [0ij = pi(xn, B)] (B.16)

B.1 Implementation Details

The HME requires a particularly robust logistic regression implementation. In an over-specified
HME, the unneeded experts tend to be marginalized by the gating network, producing degenerate
and numerically unstable problems to the experts. Simply implementing the Newton-Raphson iter-
ation is not sufficient. Two problems can arise.

Thefirst problemisthat of overshoot. The Newton-Raphson update step assumes that the func-
tion islocally close to parabolic. Thisis normally a reasonable assumption, however it is possible
to construct a situation where Newton-Raphson will not converge. The situation is easy to detect,
however. Since the likelihood should decrease at each iteration, an increase in the likelihood can
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only occur if the step overshot alocal minimum. Step-size halving ensures rapid convergence.

The second problem is that the Hessian can become ill-conditioned, so that its inverse cannot be
computed. This condition can be detected when the condition number of the Hessian islarge. The
Levenberg-Marquardt method deal s with this situation by iteratively increasing the magnitude of the
diagonal entries until the Hessian is sufficiently conditioned.
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