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ABSTRACT

Understanding the meaning behind visual data is increasingly im-
portant as the quantity of digital images in circulation explodes, and
as computing in general and the Internet in specific shifts quickly to-
wards an increasingly visual presentation of data. However, the re-
markable amount of variance inside categories (e.g. different kinds
of chairs) combined with the occurrence of similarity between cate-
gories (e.g. similar breeds of cats and dogs) makes this problem in-
credibly difficult to solve. In particular, the semantic segmentation of
images into contiguous regions of similar interpretation combines
the difficulties of object recognition and image segmentation to re-
sult in a problem of great complexity, yet great reward. This thesis
proposes a novel solution to the problem of semantic segmentation,
and explores its application to image search and retrieval.

Our primary contribution is a new image information processing
tool: the semantic texton forest. We use semantic texton forests to per-
form (i) semantic segmentation of images and (ii) image categoriza-
tion, achieving state-of-the-art results for both on two challenging
datasets. We then apply this to the problem of image search and re-
trieval, resulting in the Palette Search system. With Palette Search,
the user is able to search for the first time using Query by Semantic
Composition, in which he communicates both what he wants in the
result image and where he wants it.

Keywords: Computer, Vision, Object, Recognition, Image, Segmenta-
tion, Semantic, Web, Search, Retrieval, Composition, QBSC
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CHAPTER 1

INTRODUCTION

The inventor of the World Wide Web, Sir Timothy John Berners-Lee, spoke of a Semantic Web

at the end of the last millennium as the next stage of its evolution:

“I have a dream for the Web [in which computers] become capable of analyz-
ing all the data on the Web the content, links, and transactions between people
and computers. A ‘Semantic Web’, which should make this possible, has yet to
emerge, but when it does, the day-to-day mechanisms of trade, bureaucracy and
our daily lives will be handled by machines talking to machines. The intelligent

agents people have touted for ages will finally materialize.”[7]

However, in a recent article written with colleagues he notes that “This simple idea, how-
ever, remains largely unrealized” [85]. A fundamental part of this vision is the ability to
understand the meaning behind the content of the web. The manner in which one performs
a text query in a search engine is a good indicator of the current philosophy of the web. For
example, if you want to find out about great horror movies of the 1950s, you type “great
horror movies of the 1950s” into the query field of your favorite search website, and receive
a list of pages which have all or some of those exact words in them. Due to some clever
inference on the part of the information retrieval engine which underlies the search website

which you are using, the pages at the top of the list are those pages which people have found
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Figure 1.1: An Example Semantic Segmentation. A semantic segmentation of an image is one
which groups the pixels together by common semantic meaning. Shown is one such seg-
mentation of an image, using as pixel labels the objects in the scene. This information can
be used for automatic image annotation, or for compositional search based upon semantics.

useful in general, and thus you may end up with a website where a human has compiled a
list of their favorite 50’s horror movies, or a page about a book on great horror movies from
that era. The web has been this way since its inception, and so we have perhaps forgotten
that what we really want to do is to learn more about great horror movies of the 1950s, not
click through 50 different websites to compile that information for ourselves. This is the
essence of what the semantic web is meant to overcome. Instead of retrieving individual
pages which may or may not have the information you want, a truly semantic web would
understand the actual meaning of the conversational query you have given it (requiring a
working solution to natural language processing) and would be able to assemble a custom-
built website which gives you all of the information you could ever want to know about
your query, arranged from multiple sources whose content it truly understands (arguably
requiring a working solution to general Al). It is no surprise that some insist that a truly
semantic web is out of reach.

That being said, a significant effort is currently being made through the use of a new
generation of languages, schema and rule definition to enable human content creators to tag

data effectively so that intelligent agents can easily learn from it [30]. One great barrier to a
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Figure 1.2: Sample Segmentation Performance. This is an example segmentation performed
by our automatic segmentation algorithm, presented in Chapter 4. Each image grid cell
is given a label from a fixed dictionary of categories, chosen as the maximum a posteriori
category based upon the pixel appearance. This inference is performed by a semantic texton
forest, which we introduce in Chapter 3.

semantic web remains, however: the understanding of visual content. It is estimated that,
in the US alone, well over 8 billion digital images were shared online by individual users in
2007 [75]. True semantic understanding of an image is represented by a semantic segmenta-
tion of an image, such as that shown in Figure 1.1. Each meaningful pixel is given a semantic
label which describes the category of object which produced it in the scene. There are mul-
tiple semantic segmentations of an image, depending on the vocabulary of objects used, but
each one gives an understanding of the image’s underlying meaning. While this can be done
by human annotators [85], it is laborious and the sheer quantity of images involved makes
this prohibitive. Therefore, the development of novel methods for the automatic semantic

segmentation of images is essential to moving forward.

1.1 Semantic Segmentation

We present a system for performing semantic segmentation in Chapter 4 which uses a novel
discriminative machine learning approach, the Semantic Texton Forest, which we introduce

in Chapter 3. Each forest is a combination of decision trees, and each tree is trained indepen-
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No Is there cereal in Yes
the cupboard?

Is there bread in Is there fresh

the breadbox? milk?

Yes No Yes

Figure 1.3: Example Decision Tree. This is an example decision tree for determining what to do
about breakfast. At each node a simple test is performed, and the result of that test is used
to determine which child to choose. This process is repeated until a leaf node is reached,
with each leaf encoding a particular decision to be made that is based upon all of the tests
performed to reach that node.

dently to infer the category label for an image pixel. A decision tree is a directed graph, in
which each node has one parent and any number of children (with the root of the tree being
the only node without a parent). When making a decision, the system asks a simple question
at each node (starting with the root node) to determine which of its children to choose, and
repeats the process until a leaf node is reached, where a leaf node is a node which has no
children and contains the decision to be made. An example decision tree can be seen in Fig-
ure 1.3, in which a decision can be made about what to do for breakfast based upon simple
observations. In the case of our system, the decision to be made is the category to which a
pixel belongs, and the tests are simple combinations of pixel values. The trees learn directly
from the data which combinations of a pixel’s nearby neighbors should be used to deter-
mine its category. Because it is a tree-based structure, this decision can be made in O(logn)
time. Each tree is trained on a different subset of the data and in a randomized nature, so
that each one has a different understanding. By combining together the decisions made by
multiple trees, we are able to achieve accurate inference of the pixel labels. An example of

our segmentation performance can be seen in Figure 1.2.
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Figure 1.4: Sample Semantic Composition Query. The query on the left and its top two results
shown are actual results from our semantic image search program, presented in Chapter
7. The user uses a painting interface to demarcate the areas of a target image which are
produced by a particular category, resulting in the query image on the left. The system uses
a model of their query to infer the likelihood of each image in the database being the target
image which produced their query, and uses this likelihood to rank the retrieval results.

1.2 Semantic Image Search

The problem of query interpretation centers around how to translate the ideal, desired image
in a user’s mind into a form which a computer can understand. Our approach is built on
the idea that the most essential element of that ideal image is its semantic composition. We
formulate semantic composition as a Bayesian framework which is capable of representing
both the objects present in the user’s query and their arrangement in the 2D image plane,
and comparing them to known images to evaluate the most likely match. We have devel-
oped a paradigm for specifying these constraints consisting of a intuitive, familiar yet very
powerful interface: a canvas on which the user can paint a sketch of the image, where each
color corresponds to an object category. While this interface provides a method by which to
specify an incredible variety of constraints, it also itself constrains the image database search
task: the system must be able to search semantically (by object type, e.g. cat, bicycle) and by
composition (by location in the image, e.g. upper left corner, center). An example of a query

and its results is shown in Figure 1.4.
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1.3 Overview

We begin by examining the state of the art in image categorization in Chapter 2. Specifi-
cally, we examine how the bag-of-words model for information can be used to describe and
compare images through the use of interest points and descriptors, and demonstrate that
by combining complimentary cues together we can improve categorization performance.
Building upon this finding, we develop the semantic texton forest in Chapter 3, which es-
chews interest points and descriptors in favor of learning the image representation directly
from the data, and compare it to our categorization results using standard techniques. We
then explore its uses for automatic semantic segmentation in Chapter 4 and for image anno-
tation in Chapter 5.

We then turn to applications of this new technique in the rest of the thesis. We intro-
duce the concept of semantic composition in Chapter 6, and demonstrate its uses for query
representation. The final result is the Palette Search system presented in Chapter 7, which is
the first system to allow the user to perform Query by Semantic Composition, in which he
specifies not only what he wants in the image, but where in the image it should be present.
In our conclusion in Chapter 8, we discuss the limitations of this work and directions for
future research. In Appendix A, we discuss previous methods for representing visual data,
specifically as they touch upon our methods. Finally, Appendix B documents the challeng-

ing datasets which we use in this thesis.



CHAPTER 2

THE BAG-OF-WORDS HISTOGRAM

One of the most important tasks in computer vision is image categorization. Categorizing
an image consists of determining those categories (e.g. forest images, office images, moon
images) to which an image belongs. An image can belong to multiple categories, and these
categories can be very broad (e.g. sports, medicine) or narrow (e.g. football, kidneys). Im-
age categorization is one way in which we can perform image retrieval (i.e. by providing
semantic categories and keywords for an image) and can be used to inform other tasks, such
as segmentation or detection.

We begin with image categorization for several reasons. First, it provides an opportunity
to examine the state of the art in the semantic understanding of images. Query by Semantic
Example image search systems commonly depend on image categorization of some kind to
perform their queries [101], and automatic categorization can allow the use of standard text-
based retrieval systems [98], which in many ways are more mature than their counterparts
in image retrieval. Secondly, it provides a mechanism by which we can introduce various
conventions and techniques in computer vision which will be used extensively in the rest of
the thesis.

An image cue can be thought of as an information type in the image. Each cue represents
the data in the image, but in a different and sometimes orthogonal way from the others. In

this chapter we take four common image cues and develop a way of integrating them into
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the same model of information representation: the bag-of-words histogram'. We then examine
how combining these cues results in an improvement in image categorization performance.

Combining cues has resulting in significant improvements in image categorization per-
formance. By using per-category cue weights during the training process, a system can learn
which cues are best for a particular category as is done by Varma and Ray through the op-
timization and weighting of SVM kernels during training [99]. An alternative is to learn
these weights through cross-validation, as in the work of Bosch et al. [10]. In this chap-
ter, we concentrate on separating the cues so that we can record the performance for image
categorization using the cues in isolation from each other, and then measure the effect of

combining them upon this performance.

2.1 Exploiting Image Information

A color image is rich with information, much like a novel is rich with letters. The various
ways of summarizing an image are no more a complete representation of the image than
the various ways of summarizing a novel. Can you retell the story of a novel from a word
histogram, or relate its main themes from a list of the main characters? It is similarly unre-
alistic to expect machine learning algorithms to solve increasingly harder tasks in computer
vision when they are not given all of the information possible. As shown in Figure 2.1 there
are many different kinds of information present in an image. Using all of this information
to perform categorization has been a goal of many techniques past and present. Efforts in
this area can be grouped into two categories: those which segment the image in some way
and those which look at global histograms of some kind.

A characteristic method which utilizes segmentation would be the excellent Blobworld

! A full discussion of common cues can be found in Appendix A
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Contour

Figure 2.1: Different Image Cues. Here is the same image of a beach showing four different
image cues: interest points with local descriptors, color, texture and contour. The interest
points, computed as in [70], are represented as ellipses, indicating the scale and orientation
of the interest point. The descriptor is computed using a warped image patch, where the
warp is performed such that the ellipse becomes a circle. Color is represented by regions of
an image obtained from a photometric segmentation algorithm [31] which are then assigned
to color clusters, consisting of a mean and variance in CIELab color space [50]. The pixels are
sampled from this Gaussian distribution for each region. Texture is represented as textons
as in [92], with the pixel color corresponding to a texton index. Finally, contour is shown as
connected edges.
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work [17] and all the research that has grown from it, in particular the methods which treat
blobs as visual concepts, much like words [2]. The eponymous “blobs” in this case are not
circle-like shapes in the image (as described in Appendix A) but rather small to middle size
segments of an image which have a consistent color and texture. Each blob is represented
by a feature vector which consists of various elements such as Gaussian filter responses
and mean color values, which represent texture, color and to some extent contour for the
region. Their experiments concentrated on the Corel data set, which has large numbers of
professional photos with four or five descriptive keywords associated with each, with the
goal of learning the connections between certain kinds of blobs and the associated image
keywords.

Ren et al. use segmentation into small, consistent regions called superpixels [81] which
are then assigned to one class or another to segment the image (and recognize objects within
it). These also recognize the importance of texture, contour and color to a certain degree,
but the methods in which they are used seek simply to create large regions which have
consistent parts, and thus do not learn anything in particular about how the combinations
of these cues denote the category assignment.

Global histogram methods take various forms, from work using the bag-of-words ap-
proach [22] to texton histograms [106]. Most histogram-based approaches look at a partic-
ular channel of information to exclusion, such as feature points and descriptors [29; 79; 93]
or filter bank responses in [/7]. There are several approaches which combine channel in-
formation using statistical modeling, but again in a segmentation context in which creating

regions of consistent explanation is the goal [92; 41].

10
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2.2 Bag-of-Words Histograms

The bag-of-words histogram as a tool for information representation originates in the text
categorization community [21; 64; 52], where it was used to describe documents by the
frequency of certain words within them. Every word has an inherent set of topics where it
is used more often than others. By looking at which words correspond to which topics, a
system is trained to look at a histogram of word occurrences within an unseen document
and assign it a topic. For example, if a new document has many instances of the words
“bank”, “money”, and “transaction”, then it is assigned to the topic “financial”.

The system was first used in computer vision by Sivic et al. [94], with work by Csurka
et al. [22] showing its applicability to object recognition. The key innovation lies in freeing
up the concept of a “word” from being a collection of letters. Instead of a text dictionary, we
build a feature dictionary D which is based upon the set of all the features in our training
images. We describe the method by which we build this dictionary in Section 2.3. An image
I is described by a set of features F; by way of a feature extraction algorithm F() (F; =
F(I)). F() takes as its input an image and outputs a set of feature vectors. Each feature
f € Fr is then assigned to the “word” d; € D which it most resembles using a lookup

function L(), thus allowing a bag-of-words histogram H to be built from the image:

HJi] = Z (2.1)

feFr | 0, otherwise
where |H| = |D|, both are indexed by ¢ (d; = D]i]) and |H| is used to denote the length of
vector H. Thus, in order for a cue to be described using a bag-of-words histogram, we must
designate a feature extraction algorithm F'() for that cue, and find a lookup function L() to

which it is best suited. In our experiments F'() changes from cue to cue, but we have chosen
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F() so that L() is always calculated using the L2-norm distance, specifically

M 2
E(fd) = > (Fl] = dli))’ (2.2)
L(f) = argmind(E(f, d)) (2.3)

where j indexes the feature vector and M = |f| = |d|. M is dependent upon F(), and can be
different for each cue.

The problem with using a bag-of-words histogram to represent the information con-
tained in an image cue is that, as noted by Fergus et al. [32] and others [79], visual words
inherit the problem of ambiguity from their textual counterparts. Meaning ambiguity comes
in two forms: polysemy or synonymy. A polysemous word is one which has multiple defi-
nitions. Two synonyms are words which have the same meaning. These two forms plague
textual analysis, with the entire field of word sense disambiguation devoted to determining
which sense to assign to a particular occurrence of a word. In image space, visual words
chosen are by their nature very general and are often found in many different categories. By
using different cues together, each cue can use the others as context, thus aiding in disam-
biguating the meaning of the visual words. The knowledge that an image has many blue
patches on its own is not very useful (as many things are blue). However, in combination
with the knowledge that it also has quite a lot of smooth texture, a long, straight horizontal
line, quite a bit of green and some grassy texture it begins to look very much like those blue
patches indicate sky, and that the image depicts an open country scene.

The system which we will use to explore the bag-of-words histogram as a tool for image
categorization in this chapter is shown in Figure 2.2. We will first explore ways of incorpo-
rating interest points and descriptors, color, texture and contour into this system. These are

not the only ways to do so, by any means, but they provide a unified model of representing
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conct

Figure 2.2: Cross-Cue Categorization. An image is decomposed into four image cues. Each
of these cues is described using a bag-of-words histogram, formed by a cue-specific vector
quantization function F'(). For use in Support Vector Machines, they are joined together
(Section 2.3.1). For Joint Boosting, a co-occurrence matrix is formed between appended
histograms and each individual cell of the matrix treated as a weak learner (Section 2.3.2).
The result of using the cues together is improved categorization performance (Section 2.4).
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Figure 2.3: Interest Points and Descriptors. We use the Harris-Hessian interest point detector
of Mikolajczyk et al. [70] and Lowe’s SIFT descriptor [65] as F'() for this cue. In this image,
the ellipses produced as a result of the interest point detection on the image on the left are
shown on their own on the right. The ellipse indicates the scale and orientation of each
point. The descriptor is computed on the warped image patch, where the warp is governed
by the ellipse, namely that under the warp the ellipse is a circle. This is done to add a degree
of invariance to affine transformations.

these cues in order that we may compare them and see how they can combine to improve

performance.

2.2.1 Interest Points and Descriptors

While each pixel in an image is potentially interesting, in practice there are several specific
points in the image which are useful for computer vision. These can be divided into three
groups: corners, edges and blobs. The advantages that these points have is that they can be
detected reliably in different images of the same scene because they are created by objects
within that scene. The difficulty comes in finding the correspondence between two images
of the same scene, which is why interest points are often coupled with local descriptors,
which describe the area around them. For a full discussion of interest points and descriptors,
see Appendix A.

When binned into a bag-of-words histogram, these local points and descriptors can be
thought of as cataloguing the various basic parts in an image. The words in the dictionary

tend to represent basic visual building blocks of the various categories. For example, if
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the training data is a collection of face images then the words will be things like eyes and
noses. If the training data is a set of bicycle images, then likely words are wheels and gears.
They can also represent basic image structure like circles, bars and edges and as such these
histograms can also encode the generalized textures that occur around interest points. An
example of an image and the interest points and descriptors extracted can be seen in Figure
2.3.

The bag-of-words histogram representation has been used extensively with interest points
and descriptors, with the first efforts being those of Sivic et al. [94] and Csurka et al. [22] and
then followed by many others [29; 79; 93; 84, ]. These techniques have used various
combinations of detector and descriptor, with the most common combination being some
Laplacian-based blob detector (such as the Difference of Gaussians) and Lowe’s SIFT de-
scriptor [65]. We use the Harris-Hessian detector of Mikolajczyk et al. [70] with the SIFT

descriptor as our feature extraction algorithm F'() for this cue.

2.2.2 Color

Color is an important and rich cue for an image, but one which is also difficult to handle well.
All color analysis is plagued by lighting problems, in which the same scene under different
lighting and camera conditions can result in vastly different coloring. This, combined with
the difficulty of finding an appropriate color space and the non-Euclidean nature of these
spaces, makes creating effective color descriptors a non-trivial endeavor.

There is much to say on the problem of color constancy and its relation to image cate-
gorization (see [3] for a good discussion) which is outside of the scope of this thesis. We
include a brief discussion of various color spaces in our treatment of color in Appendix A.
For our color descriptors, we use the mean and standard deviation of the L*, a* and b*

values for a segment of the image. These values are those updated from Hunter’s original
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Color Dictionary

Figure 2.4: Color Clusters. An image is segmented into regions of consistent color, and each
region is represented by their mean and standard deviation in CIELab space. These are
then vector quantized using a code-book, such as the one displayed. The vector-quantized
regions and codebook are represented by sampling from the Gaussian function (to give a
visual sense of their variance).

16



2.2. Bag-of-Words Histograms CHAPTER 2. THE BAG-OF-WORDS HISTOGRAM

Lab color space [49; 48] by the Commission Internationale d’Eclairage (International Com-
mission on Illumination) (see Section A.1.3 for details). This is inspired by the treatment
of color by Barnard et al. [2], but where they use Normalized Cuts to segment an image
we use the graph-based algorithm of Feltzenszwalb and Huttenlocher [31]. The reason the
mean and standard deviation are used is that, in addition to giving a sense of how textured
a region is (with a higher standard deviation equating to a high level of color variance and
hence, texture) it also allows regions which suffer from color distortion from camera and
scene conditions to produce similar descriptors.

We oversegment the image to create a large number of small, consistent regions, as can
be seen in 2.4 and compute the mean and standard deviation of L*, a*, and b* for each. For
future reference, we will call this simple descriptor the Color Cluster, and this process forms

the feature extraction algorithm F() for this cue.

2.2.3 Texture

One of the most important image cues is texture, whether it be the sand on a beach, a smooth
sky, or repeating blades of grass. The concept of the texton was introduced by Julesz in [56]
as the basic building block of texture. In much the same way that many different colors can
be mixed from a collection of primary colors, texture can be built from the mixing in pro-
portion of various textons. The specific definition of a texton described by Leung and Malik
in [63] is the one which has seen the most use, and is described in Section A.3.2. The simple
filters which they use approximate Gabor filters, which were proposed for texture descrip-
tion by Daugman in [23], and are motivated by mammalian visual systems [66]. Examples
of these filters can be seen in Figure 2.5.

When binned into a bag-of-words histogram, textons can be thought of as describing the

kinds of texture building blocks in an image. For example, in an image of grass and sky
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Bar Filter Response Edge Filter Response

Brightness

Brightness Filter Response Blob Filter Response

Figure 2.5: Simple Cells. The basic kinds of simple cell, directed and undirected filters. The
Bar filter is the second derivative of a Gaussian in one direction elongated by a Gaussian
perpendicular to it. The Edge filter is the first derivative of a Gaussian, similarly elongated.
The Brightness filter is bivariate Gaussian with diagonal covariance, and the Blob filter is a
Laplacian of a Gaussian.
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there will be many bar-like textons (formed from firings of the second derivative bar filter)
and many smooth textons (formed from firings of the Gaussian filter). Similarly, city scenes
will have many edge textons from the straight lines of roads, windows, doors and signs.
The feature extraction algorithm F'() for texture consists of a subset of the full feature bank
described in Appendix A, that being 11 filter responses extracted at each pixel, which form

the descriptor. These filters consist of

Three Gaussians at 0 = {1, 2,4}

Four Laplacians at o = {1, 2,4, 8}

e Two horizontal Gaussian derivatives at o = {2,4}

Two vertical Gaussian derivatives at o = {2,4}

which are convolved on a patch of size (60 + 1) x (60 + 1) centered on the pixel.

2.2.4 Contour

The edges in an image have been used in Computer Vision as an important cue for much of
its history due to the simplicity with which they can be extracted, the level of information
reduction they provide and the invariance they show to many image conditions. An edge in
an image is defined as a point where there is a large intensity gradient, with the magnitude
of that gradient giving an edge its strength and the direction of the gradient giving the
edge an orientation. By stringing edges together using an edge detection algorithm like that
proposed by Canny [15] it is possible to build up continuous edges in the image, or contours.

The problem with contours is that they are by nature a continuous entity. Since we
wanted to create a bag-of-words histogram which describes the contour in an image, we
needed to fine a way of making them discrete; in other words we need a way to localize a

contour, and a way to describe that contour with a feature descriptor.
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For the purpose of localizing contours, we use the individual edge points found using
Canny Edge detection, but instead of only using edges at a single scale of the image, we
instead extract edges at multiple levels of an image pyramid. The reason for extracting
edges at multiple levels is to provide an invariance to scale for our descriptor. We build the
pyramid by having the original image as the base, and then convolving using a Gaussian
with a standard deviation of o, (for the purpose of our experiments we used o. = v/2) and
performing Canny edge detection. The base octave is then convolved using a Gaussian of
Om = \/%ac. This is repeated N times (we used N = 1) to result in an image equivalent of
one which was convolved with a Gaussian of 2o, thus allowing us to safely downsample
the image by 2 to provide the next level. This is repeated until the dimensions of the image
go below a certain level (we used a width or height of 32 pixels).

Once we have extracted edges from the image, we have to find a way of describing the
contour in the neighborhood of an edge pixel. One of the most effective contour descriptors
is the shape context [6]. It uses a log polar histogram to describe the location of all edges in
relation to a particular edge. We use it as our main inspiration for Discrete Contours. We
implement the log polar histogram using a grid, computed as shown in Figure 2.6, which
allows for much greater efficiency and flexibility (by shifting the focus to the local contour
fragment as opposed to all edges in an image). The contributions to each bin are weighted
by the edge magnitude (as done in [70]) and distributed by orientation. Each outer ring bin
is subdivided into 8 equally-spaced orientation bins, the middle ring into 4 bins, and no
subdivision in the inner ring. Thus, for each pixel in a bin, the magnitude of the edge at that
pixel is interpolated into two orientation bins depending on the edge orientation (again,
excepting the inner ring). This results in a 104-dimensional descriptor which describes a
contour fragment very well, which we have named a Discrete Contour.

Our feature extraction algorithm F'() for contours uses this method with the settings de-
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-
-

uTnTY [y

Log Mask Descriptor

Figure 2.6: Discrete Contour. This is a representation of how the discrete contour descriptor
is computed. The log mask on the bottom left is centered at a Canny edge at a particular
scale and the magnitudes of the edges at each pixel added into the appropriate orientation
bin for the grid. The outer ring of grid cells have 8 orientation bins, the middle ring 4, and
just 1 in the inner ring. In our experiments we used x = 2 pixels (making the log mask 28
pixels square). Each pixel’s magnitude is interpolated between the two nearest orientation
bins, and in the case of pixels lying on the borders between grid cells, the magnitude is split
equally between the two grid cells.
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scribed in the text. Instead of using every edge location returned from the Canny algorithm,

we densely sample all of the edges (as was the case in the original shape context work) [6].

2.3 Image Categorization

In this thesis, we will concentrate on performance using two different datasets, the full de-
tails of which can be found in Appendix B, including sample images, numbers of images
and other pertinent information. In this chapter, we will be looking at performance on the
Scenes database. It was first used by Oliva and Torralba in [76], has 8 categories (coast, for-
est, highway, inside city, mountain, open country, street and tall building) and we used 100
training images per category as per [/6].

For our experiments we created 10 different train/test splits. In each split, the training
images were randomly sampled from the category domain and the test images consisted of
the remainder. For each, the feature extraction algorithm F'() for each image cue was used to
extract descriptors from all images. For each image cue, we then sampled 5000 descriptors
from the domain of training descriptors for each category. Following the technique used
by Zhang et al. in [110], we clustered these 5000 descriptors separately for each category
using K-medoids clustering (K = 10) and appended the cluster centers into a dictionary for
the cue. Using these dictionaries, we then vector quantized the descriptors from all images
to compute a bag-of-words histogram for each image cue for each image. It is important
that this is done once for each split, as the dictionaries depend on the training images and
as such the bag-of-words histograms will change slightly depending on which collection of
training images is chosen.

From this point, the process is somewhat dependent on the learning method used, but
the task for each learner to accomplish is to categorize each test image as belonging to one of

the categories in the dataset. All test images were drawn from the categories in the database,
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and so the situation presented to each learner is always to choose one category versus all the
others. For each learner and dataset we performed 5 sets of 10 experiments: one each for
each cue in which the learner was trained on only the histograms from that cue, and one
where it was trained using a combination of all the cues. Both learning methods produce as
their output for an image a probability distribution, P(X; = z) (where {z} is the domain of
the category random variable X and X is the variable for an image I) over all categories.

For labeling, we define A, the labeling function, as A(/) = argmax P (X; = x).

2.3.1 Support Vector Machines

Our two learning methods use very different forms of sparsity. Support vector machines [57]
choose a sparse set of example images which delineate the boundaries between categories.
For our experiments we used the multi-class probabilistic SVM from the libSVM library [18].
The training data consisted of the training images from each category in equal proportion
so as not to bias the SVM towards a particular category. The particular SVM used was a
multiclass C-SVC with a radial basis function kernel. The training data was scaled to have a
range from -1 to 1 for each vector index, and the scaling transform then used on the test data.
We performed 5-fold cross-validation on the training data to select C' and y for the model. To
combine the various cues, we appended the histograms together. The inherent problems in
range of different cues (as different cues have a different total number of features per image
and as such a different histogram magnitude) were dealt with by way of the aforementioned

index-based scaling.

2.3.2 Joint Boosting

The second of our learning methods, Joint Boosting, uses a sparse set of features in weighted

combination to make its decisions. We used the implementation from [92] in our experi-
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ments. This system uses weak learners in which a particular feature is used to divide the
data by way of a threshold. By combining these weak learners together it is able to divide the
data into various categories. Since this method requires a large, sparse set of features we uti-
lized the co-occurrence matrix of our histograms. Thus, for a histogram H, a co-occurrence

matrix Z is constructed as follows

HIx =D
.o 2 ’
Zli, j] = (2.4)

H{i] x H[j], otherwise
Constructing a co-occurrence matrix in this way has a variety of benefits. First, it allows
for an inherent context to be built into the features being learned, as instead of simply
learning the presence of red, the system is instead learning the presence of red and blue
together. More importantly, in the case in which H is an appended histogram of all the cue
histograms, the system is learning the presence of blue and sand texture (implying ocean),
or of straight lines and repeated rectangle textures (implying buildings).

The combined case causes an inherent scale-based dilemma, as different cues have dif-
ferent magnitudes of detection, potentially allowing one cue to overpower the others and
create a bias. To deal with this we perform two operations. The first is to apply term fre-
quency/inverse document frequency analysis [56] when creating cue histograms for boost-
ing. This technique reduces the influence of common terms while scaling a term histogram
so that it is unbiased by length of a document, and as such is perfect for our uses. In this
method, the original histogram, after being calculated as in Equation 2.1, is transformed as

follows

. HI[I]
o] S]] (2.5)
Hgoli] = ¢li]eli] (2.6)
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The inverse document frequency (¢ in the previous equation) is calculated from the training

image set P as follows

1P|

|{I : H[i] > 0} | (2.7)

pli] = log

This has the effect of scaling the data to the range of 0 to 1. To create meaningful counts
for co-occurrence we therefore scale this to the range of [0,1000]. The second operation is
performed on the individual co-occurrences. Since the weak learners must sweep through
a range of values to find an ideal threshold for dividing the data, it is useful to have each
co-occurrence have the same range. Thus, we look at the training data and find a scaling
transform which achieves this, which we also apply to the test data. The number of rounds
used for boosting was determined by dividing the training data into training and validation
sets and finding the average number of rounds before the elbow in the curve of the sum of

the diagonal of the confusion matrix versus rounds.

2.3.3 Evaluation Method

For each experiment, we computed a confusion matrix from the results, in which a matrix
M is assembled from the test data R using a classifier A and ground truth information G as
follows

Mli,j) = |{I:1€ R,G(I) = x;, A(I) = 2;}| (2.8)

where i and j index X. Thus, the diagonals of this matrix indicate how many correct labels
were given by A (the labeling accuracy «,,), which we report as the proportion

M3, d)

= 2.9
C =S MG 29)

Qg
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24 Results

Our results demonstrate that using multiple image cues results in better categorization per-
formance than using those cues separately. They also show that by using a very straight-
forward, simple and unified framework for representing information in those cues we can
achieve equivalent to or better than state-of-the-art performance on both data sets with both
learning methods without any tailoring to the data.

In Figure 2.7, which displays the labeling accuracy for SVM learning and Joint Boosting
learning, it can clearly be seen how the individual cues work well on a subset of categories
and the combined cues exceed the performance of the individual cues on all categories. As
expected, combining cues not only fills in the weak points of the various cues, but also uses
the context provided by additional cues to increase performance in each category.

Due to the way in which the labeling function A works (as described in Section 2.3),
the label chosen for an image is that which has the maximum likelihood in the distribution
P(X; = z). Since we are looking at global histograms for the image, this results in errors
for images which have representatives of different categories within them. For example,
images which lie on the boundary between two categories (e.g. open country images with

many trees or forest images with sparse foliage).

2.5 Summary

In this chapter we have explored the state of the art in image categorization using bag-of-
words histograms and machine learning, and shown how combining the different cues in an
image into a single framework can result in improved performance regardless of the learn-
ing method used. However, this method of combining cues is limited by several factors.

First, since the cues are used separately, the system is unable to exploit them together by
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Scene Labelling Accuracy for SVM
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Figure 2.7: Labeling Accuracy. These graphs display the mean labeling accuracy for each cat-
egory, measured as the value on the diagonal of a confusion matrix across all ten train/test
splits, for all of the cues separately and then combined for both the object and scene data
sets when using (a) Support Vector Machines and (b) Joint Boosting. The error bars are cal-
culated as the standard error of the mean across all train/test splits. Note that while some
cues work well on one category or another, the combined cues work better on all categories.
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finding which combinations are unique to an instance of a category. The co-occurrence ma-
trix used with Joint Boosting attempts this somewhat, but there are better methods of doing
so. Similarly, due to the extraction of interest points the system is making a prior assump-
tion about which parts of an image are important. In the next chapter, we will introduce the
semantic texton forest, which addresses both of these issues while opening up an avenue
by which the segmentation of an image into regions of consistent semantic interpretation is

possible.
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CHAPTER 3

SEMANTIC TEXTON FORESTS

In Chapter 2 we demonstrated that combining different image cues results in an improve-
ment in categorization performance. The manner in which we combined these features was
suboptimal, in that we appended histograms from different bags-of-words vocabularies to-
gether instead of learning vocabularies across cues. The co-occurrence matrix approach en-
coded this to some degree, but there is still the fact that all four cues had different method-
ologies and had to be computed separately, resulting in a very inefficient and inelegant
framework for cue combination. In this chapter we demonstrate that we can achieve the
same level of performance for image categorization using a new framework for represent-
ing visual data, the semantic texton forest (STF). This is an extension of the Random Forests
work of Breiman [12], specifically the work of Geurts et al. [36], to the problem of semantic
segmentation and image description. We will first give a brief background on randomized
decision forests in the context of semantic segmentation, and then explore the effects of var-
ious training parameters on pixel categorization performance, and end with experiments
which show that a semantic texton forest can achieve the same categorization performance

as the previous techniques.

29



CHAPTER 3. SEMANTIC TEXTON FORESTS

No

Is there bread in
the breadbox?

No

Figure 3.1: Example Decision Tree. This is an example decision tree for determining what to do
about breakfast. At each node a simple test is performed, and the result of that test is used
to determine which child to choose. This process is repeated until a leaf node is reached,
with each leaf encoding a particular decision to be made that is based upon all of the tests
performed to reach that node.

Label | Test Domain

m
log(A[co])

A[Co] + B[Cl]
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Aleol/Blea]

|

A

Figure 3.2: Test Square. The questions in a semantic texton forest consist of pixel combina-
tions within a square neighborhood centered on the pixel to be categorized of size d x d.
co and c¢; are channels in the image, e.g. R,G and B in RGB images. It is not necessary that
co = c1. In addition to the tests shown, we also use Rectangle features [97] and Haar-like
features [104]
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3.1 Randomized Decision Forests

The randomized decision forest is a machine learning technique which can be used to cat-
egorize individual pixels of an image [1; 36]. They are based on the concept of a decision
tree, which is a construct that is used extensively in data mining [13] and machine learning
[12], and which has a wider application in many fields as a planning tool (often in the form
of a closely related structure, the influence diagram [46]). In its simplest form, a decision
tree consists of a hierarchy of questions which result in a decision, as shown in Figure 3.1. In
order to make a decision, one starts at the root, and uses the answer to the question at a node
to continue to one of its children, until a leaf node and thus a decision is reached. We want
to use decision trees to categorize individual image pixels, and as such the questions at each
node are going to be based on image information, specifically mathematical combinations
of the each pixel’s neighbors as shown in Figure 3.2.

A randomized decision forest is a combination of many different decision trees, each
of which has a different set of questions for its nodes, and potentially a different structure
from the other trees. The ‘randomized’ part of the moniker deals with the way in which the
trees are trained, in that instead of choosing questions manually or exhaustively from a pre-
ordained domain of possible questions, the questions are generated completely at random
and chosen according to a performance metric, typically information gain [36]. In our case,
the basic unit of categorization is an individual pixel p, and we must determine its category
c. Each tree is trained on a subset of the data following the method outlined in Section 3.2.1,
using pixel-level ground truth training data such as that in Figure 3.4. This results in a tree
with nodes n, and leaf nodes [. Associated with each node is a learned class distribution
P(C, = c|n) where {c} is the domain of the category random variable C' and C), is the

variable for a pixel p. An example semantic texton tree can be seen in Figure 3.3, in which
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Figure 3.3: Sample Semantic Texton Tree. This is an actual semantic texton tree, trained on 23
images of grass and sheep as described in Section 3.2.1. We show the tests performed at each
branch node as the test grid (d = 7) with the square used for the text filled in with the color
corresponding to the RGB channel used. In the case where A = B, we split the grid cell and
show both colors. The leaf nodes are represented by 8 patches sampled from the training
pixels which reached those nodes and the distribution P(z|c) for that leaf node. The green
color represents grass, and the blue color represents sheep. The input image is an unseen
test image, with the resulting semantic segmentation shown below.
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Figure 3.4: Training Data. A tree is trained on ground-truth labeled images like these above,
in which a semantic label is associated with each pixel of an image.

a tree has been trained on sheep and grass images and can effectively segment an image
according to these two semantic categories.

When a new pixel is to be classified, the whole forest achieves an accurate and robust
classification by averaging the class distributions over the leaf nodes L(p) = (I1,...,lr)

reached by the pixel p for all T trees:

T

P(c|L(p)) o< Y P(cll) P(t) - (3.1)

t=1

An example of the overall structure of the forest can be seen in Figure 3.5.

Existing work has shown the power of decision forests as either classifiers [11; 62; 67] or
a fast means of clustering descriptors [72]. The trees are fast to learn and evaluate since only
a small portion of the tree is traversed for each data point, making them ideal for computing
a soft distribution over categories for each pixel. The result of a decision forest which has
been applied to an image is either a leaf histogram, i.e. a histogram of pixel counts over the
leaf nodes, or a tree histogram, a superset of the leaf histogram which includes counts at all
of the branches. Naturally, a tree histogram can be computed from a leaf histogram if the

tree structure is known.
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tree t, tree t;

O Split Node
O Leaf Node l |II||II
Pixel Choice

P(CII)

P(CIl)
Figure 3.5: Semantic Texton Forest Structure. The forest is made up of T binary trees. Each
branch node n in a tree (blue circles in this figure) has a test associated with it, and based
upon the result of that test one or the other child is chosen. When a leaf node [ in a tree
t is reached (green circles), the P(C|l;) distribution for that leaf is used as a soft category

decision for the test pixel. In this figure, a sample decision path for each tree is denoted by
a series of yellow circles. The final decision is a combination of P(C|l;) forallt € T.

3.1.1 Supervision

The basic unit of inference for a semantic texton forest is a tuple (p, ¢), where p is the pixel
and c is its category label. Thus, in order to train the forest, labeled image data is required.
In the case of full supervision this data takes the form shown in Figure 3.4, where each pixel
is given a training label. This data can require significant effort to gather and is therefore
relatively scarce, but the resulting forest will be able to give more accurate segmentations
due to the unambiguous labeling of the pixels.

During training, the distribution P(C|n) is computed as a normalized histogram of the

training tuples which reached a particular node n:

P(C|n) = (3.2)

where H,[c] is the number of tuples (p, ¢) which passed through a node n during training.
The process of computing this histogram at each node is referred to as “filling” the forest,

and is performed using all of the pixels in each training image. Each pixel is categorized
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using the forest, and the nodes it reaches recorded in H,,.

In partial supervision, we do not have the pixel label c but rather each image has associated
with it merely a set of categories without a mapping between those categories and the pixels.
In other words, we have just a distribution P(C|X = z) where z is an observed topic for the
image. As we have no data about P(p|C), it is modeled as a uniform distribution. Thus, to
create training points to use in a partially supervised forest we first sample a category using
P(C|X = z) and then sample a pixel using P(p|C). The forest is subsequently trained on
these points, and the result has quite a low pixel accuracy, as is to be expected. However,
this pixel accuracy is still greater than random chance.

One way to think of a semantic texton forest is as a biased pixel clustering tool. Though
the tree uses the pixel labels to bias the clustering process to create homogenous clusters,
the pixels in a cluster will always have the same appearance. Thus, the semantic texton
forest has already clustered pixels based on appearance, and the problem with which we
are presented is to find the correct labels for each cluster.

Therefore, without retraining the forest, we can relabel the pixels which are clustered in

each leaf node. We do this by returning to the images, as we now can calculate P(p|C) as

P(|C) = P(Clp)P(p) (3.3)

>, P(Clp)P(p)

where P(p) is a uniform prior over pixels in the image and P(C|p) is calculated as P(C|L(p)).

If we then sample points based upon this new distribution and use them to fill the tree,
we will have more accurate labels for the pixels in each node cluster. We can then repeat this
process until the pixels in a leaf cluster have more accurate labels, using the constraints of
P(C|X) to inform the process. Figure 3.6 shows this process, graphing pixel categorization

accuracy against rounds of training. As can be seen, it converges quite quickly, and results
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Figure 3.6: Partially Supervised Accuracy Improvement. In the partially-supervised training
case with semantic texton forests, the lack of pixel labels results in very low overall pixel
categorization accuracy after initial tree training. However, using the tree fitting process
described in the text, the forest is able to better model P(C|n), resulting in a significant
improvement in accuracy with only a few iterations. The numbers reported are the mean
accuracy p and the overall accuracy «, which are described in Section 3.2.2.

in a significant improvement in overall and average pixel accuracy.

3.2 Training the Forest

Training a randomized decision forest involves several parameters, namely:

Number of Trees

The number of trees in the forest is a tradeoff between accuracy and speed

Maximum Tree Depth

There are a range of different pixel tests which can be performed

Test Pool Size

Since there are too many possible tests which can be tried, the size of the subset which
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is proposed at each node can play a role in how well the tree generalizes from the

training data.

Percentage of Training Data per Tree
In order to create trees which are different enough to add information and capture sub-
sets of behavior in the dataset, it is sometimes useful to hold back training data from
a tree when it is being formed, though the entire dataset is always used to estimate

P(C|n) through the tree filling process.

Value of d
The size of the window around each pixel d can effect whether the tree learns local

image characteristics or contextual information.

Tests Used
The types of tests used can play a significant role in tree training and performance,

with different combinations of tests acting in a complimentary manner.

Of these, the optimal type and number of tests depends quite heavily on the nature of
the dataset and the task to be performed. In the interest of discovering the best parameters
for the task of pixel-level category inference (as described above) we have designed a series
of experiments where the parameters are changed and their effects measured. Naturally, the
cost in time and resources of performing a full exploration of the parameter space would be
prohibitive, and as such we have limited our exploration to the effect one variable can have
while the others are held constant.

Of particular interest are the types of test domains which we make available to the train-
ing algorithm. Alcg] and Bc;] are the values of pixels within a patch of size d x d (as seen
in Figure 3.2) centered on a pixel. The channels ¢y and ¢; do not have to be the same, and

indeed allowing them to be different results in a small improvement in performance. The
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pixel tests below are those we used in our experiments:

Label | Test Domain

1 Alco]

2 log(Alco])

3 | Alco]+ Blei]
4 Alco] — Blea]
5 | |Alco] = Blei]|
6 | Alco]log(Ble1])

7 A[Co] X B[Cl]

8 Alcol/Bled]
In addition to these we use two rectangle-based features: the Haar-like features of [104] and

the rectangle sum features of [97], computed efficiently using integral images.

3.2.1 Building a Tree

The training data consists of a set of pixels P sampled from training images at a rate of every
4 pixels in each direction (ignoring pixels marked as background). We subsample pixels in
order to decrease the time required for tree construction, but use all pixels to fill the tree
after construction as described in Section 3.1.1, which corrects for any overfitting caused by
building the tree on a subset of the data. We construct a tree by recursively splitting P into
two subsets Py U Prigny = P based upon a randomly sampled test. Py, is sent to the
left child and P,y is sent to the right child and the process is repeated until a stopping
condition is met. We choose the test used to split P in the same manner as [62], that is to say

by choosing which test in a randomly sampled pool of tests results in the largest expected
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gain in information about the node categories, calculated as

E(Pright) , (3.4)

where E(P) is the Shannon entropy of the classes in the set of examples P. In our ex-
periments, the set of tests is bounded to be one or more of the test domains listed above.
However, there is no reason why the test could not be something entirely different, e.g. a
function of a feature descriptor computed at the pixel.

The weakness of this depth-first method of tree construction is that only one attempt is
made to split a node. Due to the random nature of the feature sampling process this means
that in some cases the best test, chosen using the measure above, is suboptimal. This can
be avoided by requiring that a split only be performed if the entropy gain is above a certain
threshold, but then an entire branch can be prematurely pruned, resulting in a lopsided and
ineffectual classifier. The way to avoid this is to build the tree in a breadth-first manner.
Instead of recursively splitting nodes until a maximum depth is reached, each current leaf-
node is tested with the current sample of tests and the entropy gain measured. Those above
a threshold are split, with the process repeating until no leaf nodes can be split (either due to
no entropy gains over the threshold or all nodes being at maximum depth). The advantage
of this method is that problematic leaf nodes are given several chances to be split, increasing
the likelihood that an optimal test will be chosen, at the cost of introducing an arbitrary

threshold on the entropy gain.

Learning Invariances

Using the pixels of each image in the training set gives a good estimate of the true distribu-

tion P(C|n) for each node once a tree is built. Once a tree is constructed, a “filling process”
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is performed by which every pixel in every training image is categorized by the forest and
a record kept of which nodes it reaches. After this is complete, the counts are normalized
(with a Dirichlet prior over categories taken into account), thus ensuring that a tree has seen
all of the data in the training dataset even if it is trained on a subset of the data.

Unseen images, though, are very likely to be different in many ways from the training
images, thus causing inaccuracy in the pixel classification. In other methods, this effect is
lessened through the use of an invariant feature descriptor, as discussed in Appendix A.
Semantic texton forests, however, use the raw pixels, and so must be made invariant by
other means. Thus, as we estimate the distribution P(C|n) with the training images we also
augment these images with copies that are artificially transformed geometrically and photo-
metrically as done by Lepetit in [62]. Laptev observed in [60] that augmenting training data
in this way results in a significant improvement in recognition performance, and indeed our
results mirror his in this regard. This allows the forest to learn the right degree of invari-
ance required for a particular problem. In our experiments we used rotation, scaling, and

left-right flipping as geometric transformations, and affine photometric transformations.

3.2.2 Experiments

In our experiments, accuracy is measured as the mean percentage of pixels labeled correctly
over all categories. As in Chapter 2, we compute a confusion matrix M, but instead of it
being over images I € R itis over pixels p € Pr, where Py, is the set of test pixels. Thus, the

individual cells of M are computed as

MTi, j] = | {p :p € Pr,G(p) = ¢j,argmax P(c|L,) = cj} | (3.5)
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For these experiments we report the mean category accuracy p, calculated as

1
n= m Cgi Odci (3.6)
where
M, i
T M )

and the overall accuracy «, calculated as

o LM 38)

i j Mi, j]
i gives a sense of overall categorization, as the good performance of categories which are
represented by many pixels (e.g. sky, water, grass) does not mask out the poor performance
of those which inhabit fewer, as is the case with the overall accuracy a. «, on the other
hand, gives a sense of what proportion of the image the system can reliably segment. Both
are important to get a sense of overall performance of the system, e.g. a high o and low p
indicates overfitting to a particular category which is disproportionately represented in the
dataset.

We selected as our control training scenario the following parameters:

Parameter | Value
Number of Trees | 5
Maximum Depth | 10
Feature Tests | A, A+ B, Alog(B), |A — B|
Pool Size | 400

d| 10
Channels | CIELab
Data % | 25

In each experiment, we change a single training parameter while keeping all others

constant to see the effect it has on test performance. Experiments were performed on the
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MSRC21 dataset (for further details, see Appendix B). In each experiment, ten trees were
trained on a subset of the data and then filled with all of the data points as described in
Section 3.2.1. Ten forests of five trees (with the exception of the number of trees experiment)
were then created from permutations of these ten trees. The reported values are the mean «
and p of 10 segmentation trials run with those forests over the test data after being trained
on the training and validation data with the specified parameters. Error bars indicating the
standard error are omitted due to the remarkably low error on the values making them in-
discernible. It is quite possibly due to the fact that the different forests being used for each
trial are 5 trees chosen from the same set of 10, but even so we were very intrigued to note
that 10 different trees trained independently on different subsets of the data but with the
same parameters achieved more or less the same accuracy on the test data.

In Figure 3.7, we show the effect different combinations of feature tests has on segmenta-
tion performance. In each of the five trials we chose a different random order of five feature
tests, shown in Table 3.1, and in each step added an additional feature for the tree to use and
increased the feature pool size accordingly. One trial was done with every test and a pool
size of 1000 (the rightmost bar on the graph) showing the practical limit on accuracy. Every
additional test made available to the algorithm will usually improve performance, but there
are certain groups of tests which work together better than others. So it is that performance
can actually drop, sometimes dramatically, when a new test is added that elsewhere when
added improved performance. The ideal mixture of tests depends to a certain extent on the
data, and these experiments should only be considered in so far as they show the rate at
which adding different feature tests improves performance. One good method of finding
out which tests work best for a dataset is to do as we did and to train one forest with a large
pool size and every available test. As each tree will choose tests based purely on informa-

tion gain, this will give a very good indicator of which tests work best for the dataset, and
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Trial 1 2 3 4 5
1 A AxB | A—B | Haar |A — B|
2||A-B|| A-B A/B A log(A)
3 A/B A—B |log(A)| AxB A
4 || log(A) | Rectangle | A—-B | |[A—B| | A+ B
5] AxB A A+B | Alog(B) | A/B
Pool Size 100 200 300 400 500

Table 3.1: Test Domain Experimental Setup. The size of the feature pool and the number of
different feature domains those features could be drawn from increases from right to left,
with 25 total trials being performed. Results are shown in Figure 3.7.

Counts Y%
Rectangle | 670930  39.89%
Haar 316368 18.81%
A 179816  10.69%
A+ B 118638  7.05%
Ax B 107146  6.37%
|A—B| | 105794  6.29%
Alog(B) 92274 5.49%
A-B 45968 2.73%
A/B 44954 2.67%
Total 1681888

Table 3.2: Test Proportions for MSRC21 Dataset. We trained a semantic texton forest on the
MSRC21 dataset, making all of the tests in the table available to it during training. We then
recorded the counts for each test over the entire forest to get a sense of which tests were
most useful for categorization. As can be seen, the rectangle-based features performed best
and were chosen at a much higher rate than the others. It is important to note, however, that
the Haar-like features are a superset of the additive and subtractive pixel features.

a subset can be chosen either for quicker training or to optimize tree performance depend-
ing on the situation at hand. As an example, Table 3.2 gives the proportions of tests for the
forest which had every test available to it, showing that for the evaluation dataset rectangle
features like the rectangle sum and Haar-like features perform very well.

In Figure 3.8 we show the effect of the number of trees in the forest. As can be seen,
there are diminishing returns as forest size increases. In order to investigate the effects of
different methods of representing color on performance we trained forests on grayscale,
RGB, CIELab, and HSV images, the results of which can be seen in Figure 3.9. As can be
seen, CIELab results in the best performance, most likely due to its useful features (e.g.

meaningful perceptual distances, device independence) for computer vision as described in
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[50]. We show the effect of different tree depths in Figure 3.10. The values chosen for this
trial were dependent on the dataset size, as the amount of data needed to fill a tree increases
exponentially with tree depth, but it can be seen that as the number of nodes in the tree
increases so does its classification ability, which is to be expected due to the way in which
the trees are trained (i.e. nodes will stop splitting if there is no expected information gain).
Finally, the effect of the d parameter (the size of the window test pixels can be chosen from)
can be seen in Figure 3.11. The effect here of a steady increase in average accuracy coupled
with an increase and then decline in overall accuracy is very interesting. We suspect it is
because the easier categories which take up many of the pixels in the dataset (e.g. grass and
sky) do not require the context of nearby pixels to be classified, but the smaller and more
complex categories can take advantage of nearby information to aid in classification that is

only possible when the window of possible pixels is significantly increased.

3.3 Image Categorization

Let us revisit the bag-of-words model for image categorization from Chapter 2. As an al-
ternative to the typical method for creating these histograms, we propose the localized bag
of semantic textons (BosT), illustrated in Figure 3.12. This extends the bag of words with
low-level semantic information, as follows.

Given for each pixel p the leaf nodes L(p) = (i, ...,lr) and inferred class distribution

P(C|L(p)), one can compute over image region r

1. A non-normalized histogram H,(n) that concatenates the occurrences of tree nodes n

across the different trees [72], and

2. A conditional distribution over the region given by the average class distribution

P(Clr) =3 e, P(C|Ly) P(p).
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Figure 3.7: Effect of Different Test Domains. The values shown are the mean over ten trials of
the mean category accuracy (). The computation for y is described in Section 3.2.2. This
graph tracks the effect of increasing the test domains on accuracy, with the overall trend
being that the larger the domain of tests the more accurate the system becomes, though
there is quite a lot of variation with some compositional changes, particularly in set 3. For
reference, a system trained with all possible tests and a pool size of 1000 is shown as the
rightmost bar. The meanings of the numbers in the graph are explained in Table 3.1.
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Figure 3.8: Effect of Increasing the Number of Trees. The values shown are the mean over
ten trials of the overall per-pixel accuracy («) and the mean category accuracy (u). The
computations for a and j are described in Section 3.2.2. We see here a clear logarithmic
growth in performance with forest size, with the elbow of the graph occurring at 5 for this
dataset.
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Figure 3.9: Effect of Different Channels. The values shown are the mean over ten trials of the
overall per-pixel accuracy («) and the mean category accuracy (u). The computations for «
and p are described in Section 3.2.2. There is a slight but consistent advantage to be gained
by using orthogonal color spaces over RGB, and the addition of color gives a significant
improvement over grayscale, as is to be expected.
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Figure 3.10: Effect of Maximum Depth. The values shown are the mean over ten trials of the
overall per-pixel accuracy (a) and the mean category accuracy (). The computations for o
and p are described in Section 3.2.2. We see here that tree depth results in a linear growth
in accuracy, particularly for class average accuracy. While the discriminative power of the
forest increases with maximum depth, so does the possibility of overfitting to the data. This
can be avoided by only training on subsets of the data, but one is faced with the problem of
having enough data to fill the tree so as to model the correct uncertainty (as the amount of
data required increases exponentially with each additional level)
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Figure 3.11: Effect of d. The values shown are the mean over ten trials of the overall per-
pixel accuracy (o) and the mean category accuracy (u). The computations for o and y are
described in Section 3.2.2. We see here a general trend by which as the parameter d increases
class average accuracy increases, but overall accuracy declines. Further experiments beyond
the value of 55 were inconclusive due to the effect of less data being available to the training
process, but seem to support this trend.
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Figure 3.12: Bags of semantic textons. Within a region r of image I we generate the semantic
texton histogram and region prior. The histogram incorporates the implicit hierarchy of
clusters in the STF, containing both STF leaf nodes (green) and split nodes (blue). The depth
d of the nodes in the STF is shown. The STFs need not be to full depth, and empty bins in the
histogram are not shown as the histogram is stored sparsely. The region prior is computed
as the average of the individual leaf node category distributions P(C|I).
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We perform experiments with tree histograms (unlike the leaf histograms of [72]) where

we include both leaf nodes [ and split nodes n in the histogram, such that

H.(n)= Y H(n). (3.9)

n'/€child(n)

This histogram therefore uses the hierarchy of clusters implicit in each tree. Each P(C|L(p))
is already averaged across trees, and hence there is a single region prior P(C|r) for the whole

forest.

3.3.1 Tree Histograms and Pyramid Matching

Consider first the BoST histogram computed for just one tree in the STF. The kernel function
(based on [37]) is then

K(P.Q) = éf((P, Q). (3.10)

where Z is a normalization term for images of different sizes computed as

Z =K(P,P)K(Q,Q), (3.11)

and K is the actual matching function, computed over levels of the tree as

D
~ 1
K(P,Q) = Z W(Id —Zay1) (3.12)
d=1
using the histogram intersection Z [97]
Ty =) min(Palj], Qalj]) . (3.13)

J
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where D is the depth of the tree, P and @) are BoSTs, and Py and @ are the portions of the
histograms at depth d, with j indexing over all nodes at depth d. There are no nodes at depth

D + 1, hence Zp41 = 0. If the tree is not full depth, missing nodes j are simply assigned

Py[j] = Qalj] = 0.

3.3.2 Results

In these experiments, we trained a forest using the following parameters, selected based on

the results of the experiments in Section 3.2.2:

Parameter | Value
Number of Trees | 5
Maximum Depth | 10
Feature Tests | A, A+ B, Alog(B), |A — B|, Rectangle, A — B
Pool Size | 600

d| 10
Channels | CIELab
Data % | 25

The dataset used was the Scenes database (see Appendix B), chosen for the purpose of
comparison with the technique of the last chapter. These experiments are set up in the same
way, but instead use BoSTs and and pyramid match kernel for training the SVM. As can be
seen, the semantic texton forests achieve the same or better performance than the techniques
from the previous chapter. What is worth mentioning is that it is able to combine all of the
same cues as those techniques, but can compute the BoST for an image very efficiently. Due
to the complexity of the process (O(nlogn)) it is feasible for this system to perform cate-
gorization at frame rate, which would be difficult to achieve for the techniques in Chapter

2.
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Figure 3.13: Scene Categorization Results. The values shown are image accuracy per category
as in Section 2.4. We trained an SVM using the pyramid match kernel and BoSTs (STF-SVM),
and compare the performance against the Cross-Cue Joint Boosting and SVM classifiers from
Chapter 2 on the scene dataset. We use the same train and test splits, and average over them.
As can be seen, the technique is on par, if not slightly better in some cases, than these other
bag-of-words based algorithms.
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3.4 Summary

Semantic texton forests are a promising new image description framework, being very ef-
ficient to compute and able to function on regions of arbitrary size and shape within the
image. Additionally, the hierarchical structure of the trees in the forest provides a rich tool
for comparison between descriptors. Perhaps more intriguing, however, is the ability of the
STF to perform a semantic segmentation, that is to infer a category label for every pixel in the
image. In the next chapter we will explore how to refine the segmentation provided by a

STF and achieve state-of-the-art performance for the semantic segmentation of images.
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CHAPTER 4

SEMANTIC SEGMENTATION

The idea of the semantic segmentation of an image is built on a model of image generation
which is based on dividing the real-valued and continuous visual signal of an image into
cells, or a regular rectangular sample grid, each of which is sufficiently explained by an
underlying label. To perform a semantic segmentation of an image is to infer the semantic
label for every cell. For example, look at the image in Figure 4.1. Using simple semantic
labels, the pixels in the image have been explained, each one generated by some unknown
model for the category label. If such a segmentation can be achieved, then the image can
be catalogued for image search, used for navigation, or any number of other tasks which

require basic semantic understanding of arbitrary scenes.

4.1 Soft Classification of Pixels

Our formulation of semantic segmentation centers on the cell model, presented graphically
in Figure 4.2 (graphical models are a common method of visualizing joint distributions over
several random variables, see Bishop [8]). In this model, for every image there is a random
variable X whose value represents the subject matter, or broad image-level category, of the
image (e.g. the forest, an office, the moon). The likelihood of the various image-level cat-

egories are governed by some learned parameter . This topic generates cell labels C; for
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sky

building tree

T N
building

Lar car

road

Figure 4.1: Semantic Segmentation. A semantic segmentation of an image is one which groups
the pixels together by common semantic meaning. Shown is one such segmentation of an
image, using as pixel labels the objects in the scene.

Figure 4.2: Cell-based Image Generation Model. This figure is a graphical representation of the
model [8]. For each image we choose a particular topic, represented by the random variable
X. These can be thought of as scenes (e.g. the forest, an office, the moon). For a particular
topic, we generate / cells on a grid, where each cell has a semantic category C that generates
the appearance A. To perform a semantic segmentation, we infer the semantic category for
each grid cell.
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each grid cell 7. These are general semantic categories, that is categories of object or en-
tity (e.g. trees, computers, rocks). The conditional probability of a semantic category given
the image-level category is governed by the learned parameter +. Finally, we have the ap-
pearance of a cell (e.g. a pixel patch, a descriptor, a histogram) which is generated by the
cell category using some process which adds in some noise (indicated by o), e.g. a normal
distribution over intensity values.

Naturally, a normal distribution over intensity values is not a sufficient generative patch
model. While a true generative patch model may be out of reach in the near future, the
promising jigsaw model [61] and other emerging techniques utilizing deep inference are
showing great promise of achieving this enviable goal. In the meantime, however, the best
results have been obtained via discriminative methods. Since the appearance is observed,
we can infer the category label from the appearance (essentially, reverse the arrow between
C and A) and infer C' by marginalizing over the topics and incorporating a discriminative
model for P(C]A). In Chapter 3 we discussed semantic texton forests and their ability to
estimate a distribution over a set of labels for arbitrary pixel regions in a discriminative
manner. In this chapter we will discuss how they can be used to infer P(C|A) at the level of
an image grid cell.

We have already established that we can infer P(C|A) for cells at the level of a pixel with

a semantic texton forest:
T
P(C|Ap) = P(C|L(p)) = Y _ P(C|i;)P (4.1)
t=1

As the size of a cell increases, we are faced with the problem of agglomerating the informa-
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() (d)

Figure 4.3: Cell Segmentation. (a) is the original image. (b) is the image with pixel-level
maximum a posteriori (MAP) labeling. In (c), we subsample the distributions from (b) by 8,
and in (d) the image in (b) has been subsampled by 16. As grid square size increases, detail
is lost but the overall accuracy of the segmentation increases.
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tion held in individual pixels to regions. We can calculate this as

P(C|A;) = P(Clr) o< Y P(CIL(p)) P(plr) . (4.2)

which leaves the conditional distribution P(p|r) to be modeled. There are two practical
choices for this. The first is a bivariate normal distribution with diagonal covariance and

centered on the cell, and the second is

pE PR,
Pplr) =4 " (4.3)

0  otherwise
where P, is the set of pixels in a region. Figure 4.3 depicts both the pixel- and cell-level
maximum a posteriori labelings for an image.
So far, we have discussed the conditional distribution P(C|A), but we have yet to touch
on P(C|X) or P(X). In the following section, we will discuss how it is possible to again use

semantic texton forests to infer the parameter x from the image data.

4.2 Image-level Semantic Constraints

Using a inferred image topic or scene like X to aid in the recognition of objects in the image
can result in significant improvement, as found by Russell et al. in [83]. We use it here for
precisely that purpose: to use global image understanding to disambiguate local image in-
formation. The inference of P(X) is essentially the task of image categorization, as discussed
in Chapter 2. The task of categorizing an image consists of determining those categories (e.g.
forest images, office images, moon images) to which an image belongs. There has been much
research performed on this problem, with the most successful of previous approaches using

global image information [77], bags of words [29] or textons [106]. We extend the STF cat-
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egorization algorithm presented in Chapter 3 to exploit not just the hierarchy of semantic
textons but also the node prior distributions P(C|n). We still use a non-linear support vector
machine (SVM), which depends on a kernel function K that defines the similarity measure
between images. To take advantage of the hierarchy in the STF, we adapt the innovative
pyramid match kernel [37] to act on a pair of BoST histograms computed across the whole
image, computed in the same way as described in Chapter 3.

The kernel over all trees in the STF is calculated as K = ), x;K; with mixture weights
k¢. Similarly to [110], we found x; = % to result in the best categorization results. This
method is very effective, but can be improved by using the learned distributions P(C|n) in
the STF. If P(c|n) is large for class ¢ and node n, then a large count of node n is a strong
indicator that class c is present in the image. If P(c|n) is small, you gain less information
since the likely presence of other categories only helps as context. For example, if you are
looking for grass in an image, you care more about the count of nodes likely to be grass than
those likely to be motorbike. Following this intuition, we build a 1-vs-others SVM kernel K.
per category, in which the count for node 7 in the BoST histogram is weighted by the value
P(c|n). This helps balance the categories, by selectively down-weighting those that cover
large image areas (e.g. grass, water) and thus have inappropriately strong influence on the
pyramid match, masking the signal of smaller classes (e.g. cat, bird).

In our experiments, we show the improvement that the pyramid match kernel on the
hierarchy of semantic textons gives over a radial basis function on histograms of just leaf
nodes. We also obtain an improvement using the per-category kernels K. instead of a global

kernel K.
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| Global kernel K Per-category kernel K,
RBF 499 525
MK 763 .783

Table 4.1: Image categorization results. (Mean AP).

4.2.1 Categorization Results

The mean average precisions (AP) in 4.1 compare our modified pyramid match kernel (PMK)
to a radial basis function (RBF) kernel, and compare the global kernel K to the per-category
kernels K. In the baseline results with the RBF kernel, only the leaf nodes of the STF are
used, separately per tree, using term frequency/inverse document frequency to normalize
the histogram. The PMK results use the entire BoST which for the per-category kernels K. are
weighted by the prior node distributions P(c|n). Note that the mean AP is a much harder
metric and gives lower numbers than recall precision or AuC; the best result in the table
shows very accurate categorization. For a description of how this quantity is computed, see
Chapter 7. As can be seen, the pyramid match kernel considerably improves on the RBF
kernel. By training a per-category kernel, a small but noticeable improvement is obtained.
Due to its performance, we use the PMK with per-category kernels to train the SVM used as

X- The full categorization results are presented as precision recall curves in Figure 4.4.

4.2.2 The Image Level Prior

To relate this system of image categorization back to the cell model for semantic segmenta-
tion, the task the SVM is performing is to infer the value of X for an image. In essence, x is
the support vector machine as opposed to being a global prior distribution over topics, and

depends on the BoST computed for a particular image in order to compute P(X). We can
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Figure 4.4: MSRC Categorization Results Shown here are the precision recall curves for all of
the categories in the MSRC21 dataset.
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think of P(X) as being related to x thus:

P(X =) = x(BoSTy)[z] (4.4)

where x is the SVM classifier and z is a value of the random topic variable X.
Moreover, since X and C' in the scenario we have just presented have the same domain,
7 is not a learned distribution but instead a binary function:
1 ifx=c
’y I:"L’7 C] = (4.5)
0  otherwise
Thus, whereas we would usually marginalize over X when computing P(C;) in the follow-

ing manner (substituting lower case letters for observed variables):

P(Ci = ¢i) = P(Ci = il Ai = @) Y | P(X)P(C; = &i| X) [ D P(Cj1X)P(Cjlay)  (46)
X j#i Cj

given the binary nature of P(C|X) = v[z, ¢], this reduces to:

P(C; =¢;) = P(C; = ¢i]Ai = a;) P(X = ¢;) HP(Cj = ¢i|4Aj = aj) 4.7)
J#i

where P(X = ¢;) is the result of the SVM classifier and P(C = ¢|A = a) is computed
using the STF as described above. Furthermore, we approximate the effect of the right-
hand product by a power a on P(X = c¢) in the results presented in this chapter. This was
done to provide a variable by which the system could be optimized, and also to aid with
computational efficiency. Since this is no longer inference per se, we refer to the result of
this process as an “image level prior”, or ILP. While these optimizations result in a system

which is very efficient, they are made at the cost of a more powerful and expressive model.
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We explore a fully generative implementation of the cell graphical model in Chapter 5.

4.3 Compositional Constraints

To demonstrate the power of the BoST as a feature for segmentation, we adapt the Texton-
Boost algorithm [92]. The goal is to segment an image into coherent regions and simulta-
neously infer the class label of each region. In [92], a boosting algorithm selected features
based on localized counts of textons to model patterns of texture, layout and context. The
context modeled in [92] was ‘textural’, for example: sheep often stand on something green.
We adapt the rectangle count features of [92] to act on both the semantic texton histograms
and the BoST region priors. The addition of region priors allows us to model context based
on semantics [80], not just texture. Continuing the example, our new model can capture the
notion that sheep often stand on grass, as is seen in Figure 4.5.

In place of boosting, we decided to use a second randomized decision forest due to the
speed of training and classification. We train this segmentation forest to act at image cells
i, using bags and priors computed using Equation 4.3 for P(p|r = ). At test time, the
segmentation forest is applied at each pixel p densely or, for more speed, on a grid. The
most likely class in the averaged category distribution gives the final segmentation for each
cell. The split node functions compute either the count H,;(n = n’) of semantic texton n/,
or the probability P(C' = c | r+1) of class ¢, within rectangle r translated relative to cell i. By
translating rectangle r relative to the cell ¢ being classified, and by allowing r to be a large
distance away from 7 (up to half the image size), such features can exploit texture, layout
and context information. Our extension to their features exploits semantic context by using

the region prior probabilities P(C|r + i) inferred by the semantic textons.
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Figure 4.5: Compositional Constraints. For the second-level randomized decision forest, we
use rectangle sum tests of the kind used in Textonboost [92]. For each image cell ¢ the BoST
and region priors of a rectangle r of a random size and offset are used as a feature vector,
and the tests for the forest are thresholds on the dimensions of that vector. Thus, the system
can either use leaf-node counts in a rectangle, or region priors. In this case, the region prior
for grass will be quite high, and the system can learn that sheep stand on grass.
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4.4 Experiments

Before presenting in-depth results for segmentation, let us look briefly at the STFs them-
selves. In Figure 4.6, we visualize the inferred leaf nodes L = (l1, ..., lr) for each pixel i and
the most likely category ¢; = arg max., P(c;|L). Observe that the textons in each tree capture
different aspects of the underlying texture and that even at such a low level the distribution
P(c|L) contains significant semantic information. 4.2 gives a naive segmentation baseline

on the MSRC dataset by comparing ¢; to the ground truth.

Global Average
supervised 48.7%  41.5%
weakly supervised 17.7%  27.8%

Table 4.2: Naive Segmentation Baseline on MSRC21. Using the parameters chosen as a result
of the experiments in Chapter 3 we are able to obtain a solid baseline for segmentation.

Clearly, this segmentation is poor, especially when trained in a weakly supervised manner,
since only very local appearance and no context is used. Even so, the signal is remarkably
strong for such simple features (random chance is under 5%). We show below how using
semantic textons as features in higher level classifiers greatly improves these numbers, even
with weakly supervised or unsupervised STFs.

Except where otherwise stated, we used STFs with the following parameters, hand-
optimized on the MSRC validation set: distance d = 31, T' = 5 trees, maximum depth
D = 10, 500 feature tests and 5 threshold tests per split, and } of the data per tree, resulting
in approximately 500 leaves per tree. Training the STF on the MSRC dataset took only 15
minutes. The tests used were A + B, A — B, |A — B|, Alog(B), A and a rectangle test, a

combination motivated by the experiments in Chapter 3.
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Figure 4.6: Textonizations. Shown here are a large selection of textonizations performed by a
semantic texton forest. The first column shows the image, the middle five are textonizations
from the five trees in the forest, followed by the ground truth image and the combined
textonization of the forest. In the textonizations, a separate color is given to each texton
index to give a sense of leaf-membership for a pixel.
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4.4.1 MSRC21 Dataset

We first examine the influence of different aspects of our system on segmentation accuracy.
We trained segmentation forests using (a) the histogram H, () of just leaf nodes I, (b) the
histogram H,(n) of all tree nodes n, (c) just the region priors P(c|r), (d) the full model using
all nodes and region priors, (e) the full model trained without random transformations, (f)
all nodes using an unsupervised STF (no region priors are available), and (g) all nodes using
a weakly-supervised STF (only image labels). The category average accuracies are given in

Table 4.3 with and without the image-level prior.

Without ILP  With ILP

(a) only leaves 61.3% 64.1%
(b) all nodes 63.5% 65.5%
(c) only region priors 62.1% 66.1%
(d) full model 63.4% 66.9%
(e) no transformations 60.4% 64.4%
(f) unsupervised STF 59.5% 64.2%
(g) weakly supervised STF 61.6% 64.6%

Table 4.3: Comparative segmentation results on MSRC.

There are several conclusions to draw. (1) In all cases the ILP improves results. (2) The hi-
erarchy of clusters in the STF gives a noticeable improvement. (3) The region priors alone
perform remarkably well. Comparing to the segmentation result using only the STF leaf dis-
tributions (34.5%) this shows the power of the localized BoSTs that exploit semantic context.
(4) Each aspect of the BoST adds to the model. While, without the ILP, score (b) is slightly
better than the full model (d), adding in the ILP shows how the region priors and textons
work together.! (5) Random transformations of the training images improve performance

by adding invariance. (6) Performance increases with more supervision, but even unsuper-

IThis effect may be due to segmentation forest (b) being over-confident: looking at the 5 most likely classes
inferred for each pixel, (b) achieves 87.6% while (d) achieves a better 88.0%.
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vised STFs allow good segmentations.

Given this insight, we compare against [92] and [103]. We use the same train/test split
as [92] (though not [103]). The results are summarized in Figure 4.7, with further segmen-
tation results in Figure 4.8. Across the whole challenging dataset, using the full model with
ILP achieved a class average performance of 66.9%, a significant improvement on both the
57.7% of [92] and the 64% of [103]. The global accuracy also improves slightly on [92]. The
image-level prior improves performance for all but three classes, but even without it, results
are still highly competitive with other methods. Our use of balanced training has resulted in
more consistent performance across classes, and significant improvements for certain diffi-
cult classes: cow, sheep, bird, chair, and cat. We do not use a Markov or conditional random
tield, which would likely further improve our performance [92].

These results used our novel learned and extremely fast STFs, without needing any slow
hand-designed filter-banks or descriptors. Extracting the semantic textons at every pixel
takes an average of only 275 milliseconds per image, categorization takes 190 ms, and eval-
uating the segmentation forest only 140 ms. For comparison [92] took over 6 seconds per
test image, and [103] took an average of over 2 seconds per image for feature extraction and
between 0.3 to 2 seconds for estimating the segmentation. Our algorithm is well over 5 times
faster and improves quantitative results. We strongly believe a real-time implementation of
the STFs is possible on a standard PC as the complexity is just O(T'D) per pixel.

The following parameter settings were used: T' = 50 trees of depth D = 14, with training
examples taken every 10 pixels in a random 50% of the training images, and using 1000 ran-
dom feature tests and 20 random threshold tests at each split node. The ILP weighting term
a = 0.5. To add invariance, the training set was augmented: the original plus 3 copies with
random transformations of rotation up to 6°, scaling up to 1.2x, left-right flipping, and affine

intensity changes up to 1.21 +0.05. Training took under 2 hours for the segmentation forest.
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The resulting forest used a total of 24805 node features and 107311 region prior features.

4.4.2 Scenes Dataset

In addition, we show the results of our semantic segmentation algorithm on the Scenes
dataset. This dataset was created automatically from anonymous user region annotations
for the spatial envelope images of Oliva and Torralba [76] obtained from the LabelMe project
[65]. We present it here to show that our algorithm can learn from noisy, automatically
obtained label data and still achieve good segmentation performance on a large selection of
images. We show segmentation accuracy and sample images in Figure 4.9. The forest used

was depth 14, with 10 trees, trained on only the region priors.

4.5 Summary

While this method of semantic segmentation gives excellent results, it requires ground truth
labeled data in order to do so. While future research will determine the limits of the tech-
nique more accurately, the requirement of such data combined with its general scarcity
places a practical limit on its application to datasets with larger numbers of categories. Ad-
ditionally, as mentioned in Section 4.2.2, this algorithm achieves these results with such
efficiency at the cost of a generative model which could potentially model the data better.
Those limitations aside, these exciting results place in reach the goal of the automatic extrac-
tion of pixel-level semantic content, opening up new avenues for image search and retrieval

which we shall explore in the rest of this thesis.
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[92] [103] Owurs Ours + ILP
building 62 52 41 49
grass 98 87 84 88
tree 86 68 75 79
cow 58 73 89 97
sheep 50 84 93 97
sky 83 94 79 78
airplane | 60 88 86 82
water 53 73 47 54
face 74 70 87 87
car 63 68 65 74
bicycle 75 74 72 72
flower 63 89 61 74
sign 35 33 36 36
bird 19 19 26 24
book 92 78 91 93
chair 15 34 50 51
road 86 89 70 78
cat 54 46 72 75
dog 19 49 31 35
- body 62 54 61 66
building  grass tree cow boat 7 31 14 18
classes Overall 71 - 68 72
bicycle = flower SS¥sign bird book Average | 58 64 63 67

chair face airplane SKy, sheep

road dog car water body

cat boat

Figure 4.7: MSRC21 segmentation results. Left: Segmentations on test images using semantic
texton forests. Note how the good but somewhat noisy segmentations are cleaned up using
our image-level prior (ILP) that emphasizes the categories likely to be present. (Note we
do not use a Markov or conditional random field which could clean up the segmentations
to precisely follow image edges [92]). Right: Segmentation accuracies (percent) over the
whole dataset, without and with the ILP. Our new highly efficient semantic textons achieve
a significant improvement on previous work.
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Figure 4.8: Further MSRC segmentation results.
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water 31 48
sky 76 84
mountain 24 23
tree 46 51
grass 64 69
road 46 62
sidewalk 39 29
building 39 52
rock 21 17
snow 53 49
sand 32 38
plant 22 17
car 48 47
sign 17 14
person 25 12
Overall 48 56
Average 39 41
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Figure 4.9: Scenes segmentation results. Left: Segmentations on test images using semantic
texton forests. Right: Segmentation accuracies (percent) over the whole dataset, without
and with the ILP.
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CHAPTER 5

IMAGE ANNOTATION AND LABELING

Image annotation is the task of automatically assigning a set of text labels to an image based
on its visual content. A successful image auto-annotator can act as a trusted annotator for a
text-based image retrieval algorithm, or simply categorize images by general topic for easy
browsing. In Chapter 4, we discussed how to use semantic texton forests and a new model
for image generation to create a semantic segmentation of an image, but the segmentation
system we built stopped short of this model, instead sacrificing expressive power for speed
and performance. In this chapter we discuss an alternative route to semantic segmentation
which performs inference on the model to choose a topic for an image (annotation), and

then uses the inferred topic to perform semantic segmentation (labeling).

5.1 Image Labeling

The cell model from Chapter 4 is similar in character to many algorithms and techniques
from the machine translation community. A related model for the generation of text from
topics was adapted for use in computer vision by Barnard et al. [2; 26] and ourselves [4], and
is effective at a variety of vision tasks. The simplest version of this model was inspired by
[44], though a full range of models is evaluated in [2] with recent work focusing on latent

Dirichlet allocations and probabilistic latent semantic analysis [93; 9].
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Figure 5.1: Extended Cell Model. We see here a graphical representation [5] of an extension
to the cell model introduced in Chapter 4. We have added an additional random variable
E which is generated from the cell category C, in turn generated from the image topic X.
E has as its domain a set of known appearance models, e.g. a collection of image patches.
These patches are held to generate the observed appearance A.

The focus of previous work has been on the semi-supervised (and in some cases, un-
supervised) clustering of images into topics. The purpose of this was to subsequently use
those topics to bridge the semantic gap in order to automatically provide text labels for those
images. Our aim is slightly different. We wish to infer categories at the level of an image
cell. In order to do this, we model the topic as a set of text labels, and perform inference
over those sets. We are then able to determine the label likelihood of a word directly from
P(X). We are further able to use this to infer the image cell labels, performing a semantic
segmentation and image annotation. The advantage of this model is that it is able to incor-
porate whatever data is known. In our case, we know the labels at each cell in the training
data and can use this to aid in inference, however the model is fully capable of dealing with
C being unobserved or partially observed without having to change the manner in which it
is fit and in which inference is performed.

Before we proceed, the cell model we introduced in Chapter 4 must be extended. In its
initial form, it generates pixel appearance directly from the category labels. In practice, the

semantic texton forest adds a level of indirection to this process. In Figure 5.1 we see an
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Figure 5.2: Kernel Density Estimation Here we have a Gaussian distribution, represented by
the gray curve, estimated by 100 samples drawn from it using different bandwidths. As
bandwidth (equivalent to standard deviation in this case) decreases, the noise of the estima-
tion increases.

extension to the original cell model which includes a sample point E, which generates the
appearance through the addition of some noise. E has as its values the leaf nodes in the
semantic texton forest, and each pixel is assumed to have been produced by a generative
process from that node. Thus P(C|A) as described previously is in fact P(C|E), as it is asso-
ciated with all pixels which reached the leaf node associated with a value of E regardless of
their individually different appearances, which are assumed to have been caused by added
noise as part of a generative process.

The graphical model we have shown is an example of a kernel density estimator [5]. A
kernel density estimator uses each training data point individually to model a complex
probability surface. To give an example, suppose that we have been given a set Q = {¢;|i =
1,..., N} of points drawn from an unknown distribution. If we have some knowledge about

the nature of this unknown distribution, say that it was a normal distribution, we can es-
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timate its value at an unseen point r as the average of the responses of kernel functions

centered around the points in Q:

_ 1 r—qi
P(r) = Nh;K< - ) (5.1)
where K in this case would be the standard normal distribution:
1 7t2/2
K(t) = —e (5.2)

and h is the bandwidth of the estimator. In the case where K is a standard normal distribution,
h is equivalent to the standard deviation. An example of the result for different values of h
can be seen in Figure 5.2. In the case of a semantic texton forest, every image pixel is assigned
to a number of leaf nodes equal to the number of trees in the forest. These assignments act
as a binary kernel function K, in which K is 1 for all leaf nodes to which a pixel belongs and
zero otherwise.

Let us now look in detail at the model in Figure 5.1. The possible values of the random

variables are:

X € {{wi}wr € W} (5.3)
Ae RN (5.4)
E € {e} (5.5)
C e {clcec W} (5.6)

where N is the number of channels in the image representation, e is a leaf node in the forest
and W is the vocabulary of words. We will denote an arbitrarily sized set of words in the

vocabulary W as Wy, = {wy, } to simplify notation from now on.
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Figure 5.3: Combined Word/Appearance Model. This model is very much like the separated
word /appearance model of Barnard et al. [2], though modified to use a kernel density esti-
mator to model appearance. In this graph the random variables are as in Figure 5.1, with the
addition of the random variable W, which has as its domain one of a number of words in a
large image label dictionary. Here, the topic X links the appearance and the labels, which
are presumed to be conditionally independent.

In Figure 5.1 we have shaded in only A, as this is the only variable which is observed
during inference. Our training data consists of the pixels themselves A, their category la-
bels C and the image label sets X. These are used to train a semantic texton forest, which
associates a learned distribution P(C|E) with every leaf node e. We use the forest to act
as the binary kernel function K in order that we can marginalize over E during inference.
We model the topic as a set of words in the dictionary, and the cell category labels as being
drawn from the same dictionary. Thus, the choice of P(C|X) is very easily chosen as a uni-
form prior over the words in X. One of the advantages of this model is that the domain of
X and the choice of P(C|X) can be chosen in different ways such that the label vocabulary
is different, and potentially broader, than the segmentation vocabulary. Alternatively, the
topics can be learned automatically using expectation maximization [25]. While we do not
do so in this chapter, it is possible to use the topic to link the appearance of the image to a
set of labels as is done in [2] using a model such as that shown in Figure 5.3. In this scenario,
the labels for an image are decoupled from appearance entirely, joined only by shared topics

which generate appearance and labels independently. In our case, we use P(C|X) to find
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Figure 5.4: Factor Graph. This is a factor graph [35; 55] expansion of the model in Figure 5.1.
The lower case letters f,g and h are the factors of the model and encode the ways in which
the random variables are related.

the P(X|C) using Bayes’ rule as follows:

_ PCX)PX)
PXIO) =& TPex) p(x) G7)

where P(X) is based upon the occurrence of the topic X in the training data, or a learned

mixing parameter in the case when topics are learned automatically.

5.2 Inference

The sum-product algorithm provides a mechanism by which to compute any marginal in
the graphical model efficiently. In order to apply it, we must first transform the model into

a factor graph, as shown in Figure 5.4[35; 58]. Using X as the root of the graph, incoming

78



5.2. Inference CHAPTER 5. IMAGE ANNOTATION AND LABELING

messages from the leaves are as follows:

HA— f; (A;) =1 (5.8)

pr—e (Ei) = f(Ai, E;) (5.9)

1B—g,(Ei) = pf,—p,(Ei) (5.10)
E;

HCiahi(Ci) = Mgi*)Ci(Ci) (5.12)

pn—x (X) =D WX, Ci) g, —n, (Ci) (5.13)
C;

(5.14)

given the appearance is observed, and messages going back out from the root to the category

nodes are:

px—n = | [ o0y —x(X) (5.15)
J#i

phic: = D (G, X)pix o, (X) (5.16)
X

given the topic is observed. The factors are calculated as:

F(X,Y) = P(X]Y) (5.17)

for all random variables X and Y. Using these equations, we find that the marginal likeli-

hood of a particular topic is

PX)=[]>_ P(x|C:) Y P(Ci|E:)P(Ei|a;) (5.18)

i G E;
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where q; is the observed appearance at image cell . We can now use this marginal to infer
the value of C;:

P(C;) < Y P(Ci|X)P(X) (5.19)
X

The inference of X gives us an annotation of the image, and the inference of C; gives us a

semantic segmentation.

5.3 Experiments

We performed experiments with annotation and labeling to test the effectiveness of this
model. We first infer the value of X as the maximum a posteriori value as shown in Equation
5.18. These annotations of the images are compared against the ground truth annotations,
and used to compute PR and ROC curves. We then label each image cell using P(X), per-

forming a semantic segmentation.

5.3.1 Annotation

We performed experiments on both datasets, and show the AuC (Area under the ROC
Curve) and AP (Average Precision) for all words. Images are ranked by the label likelihood of

a word w, which is calculated as

> P(X =W (5.20)
Wi |lweWy,

The set of words in the label vocabulary for the MSRC dataset is equivalent to the possible
pixel categories, and a label is in the label set of an image if it occurs in the ground truth
segmentation of the image. For the scenes dataset, the topic corresponds to the scene label
of the image, and so P(C|X) is a learned distribution from the training data (see Appendix

B for details) where the domain of C' is the pixel labels. The labeling performance results
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Category | AP AuC
building | 0.418 0.725
grass 0913 0.945
tree 0.517 0.797
cow 0.795 0.978
sheep | 0.922 0.990
sky 0.855 0.921 Category | AP  AuC
airplane | 0.826 0.989 water 0.372 0.658
water | 0.647 0.888 sky 0.948 0.798
face 0.749 0.924 mountain | 0.559 0.682
car 0.440 0.899 tree 0.700  0.699
bicycle | 0.395 0.941 grass 0.201 0.799
flower | 0.735 0.965 road 0.646 0.807
sign 0.204 0.816 sidewalk | 0.570 0.862
bird 0.310 0.766 building | 0.720 0.717
book 0.821 0.986 rock 0.118 0.656
chair 0.278 0.913 snow 0.124 0.769
road 0.627 0.864 sand 0.145 0.759
cat 0.490 0.940 plant 0.245 0.680
dog 0.338 0.820 car 0.566 0.820
body | 0.707 0.905 sign 0.241 0.776
boat 0.613 0.927 person | 0.272 0.729
Mean | 0.600 0.900 Mean 0.428 0.747
MSRC21 Annotation Performance. Scenes Annotation Performance.

Table 5.1: Annotation Performance. Annotation performance is measured using average pre-
cision and area under the curve, where images are ranked by the label likelihood of a word
in the vocabulary. Correct images are those whose label set contains the label.

for the MSRC21 dataset are shown in Figure 5.5. Similarly, the results for the Scene dataset
are shown in Figure 5.6. The labels shown are the maximum a posteriori value of X for the
image. Annotation performance in term of label likelihood is shown in Table 5.1. As can be

seen, the system is able to infer the topic of an image to a good level of accuracy.

5.3.2 Labeling

For the labeling case, we divide a test image into cells in the same way as in Chapter 4 and
infer P(C|E) for each cell. We use these to compute the distribution P(X) using Equation
5.18. We then infer the label of C using P(C|E) and P(C|X), as in Equation 5.19. Sam-

ple segmentations and accuracies for the MSRC21 and Scenes datasets can be observed in
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sky
water
boat

building
car
road

grass
Cow

flower

grass
sky
airplane

Success

bicycle
road

grass
sheep

cat

water
bird

Failure

Figure 5.5: MSRC21 Annotations. The annotations on the left are correct, the annotations on
the right are partially or wholly incorrect, and represent standard failure cases. In these
failure cases, the correct segmentation and label likelihood can still be achieved due to
marginalizing over X, even though the maximum posterior likelihood X value is incorrect.
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mountain mountain
coast mountain
forest coast
inside city forest
street street
Success ; Failure

Figure 5.6: Scenes Annotations. The annotations on the left are correct, the annotations on the
right are incorrect, and represent standard failure cases. In general, when the system makes
a mistake it is understandable, and usually due to ambiguity in the image. Sometimes,
however, it is clearly wrong, as with the last image.
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Figures 5.7 and 5.8, respectively. The use of the inferred topic X improves segmentation

performance significantly, as shown in the figures.

54 Summary

We have explored a fully generative alternative to the semantic segmentation algorithm in
Chapter 4. While it does not achieve the same level of performance as that algorithm, it
should be noted that its performance is achieved in the absence of contextual information
(there is no second-level forest) and as a generative model it is more able to adapt to situa-
tions with more pixel categories. The introduction of a conditional random field [59] modi-
fication to the model would likely improve results considerably, given a similar approach in
[92]. We have also provided a formulation of a semantic texton forest as the kernel function
of a kernel density estimator, which places the framework on firm theoretical footing. Using
a generative model additionally opens up the possibility of training the entire model in the
absence of pixel-level ground truth data, as model fitting can now be performed by varia-
tional methods [8]. This chapter ends our discussion of semantic segmentation, and we now
turn to its application to image search and retrieval. We will first introduce the concept of

semantic composition in Chapter 6, and then the Palette Search system in Chapter 7.
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no P(T) + P(T)

-

STF STF+T
building | 11 6
grass 82 93
tree 46 38
cow 63 67
sheep 67 71
sky 72 70
airplane 75 79
water 25 33
face 77 80
car 30 30
bicycle 49 57
flower 55 64
sign 12 15
bird 14 19
book 50 77
chair 24 35
road 63 69
cat 27 33
dog 27 17
R body 42 41
building = grass tree cow boat 19 20
Overall 51 55
bicycle = flower EESign bird book Average | 44 48

chair face airplane SKy, sheep

road dog car water body

Figure 5.7: MSRC21 labeling results. Left: Labelings on test images using semantic texton
forests. Right: Segmentation accuracies (percentage) over the whole dataset, without and
with topic inference.
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image +P(T)

%

Illﬂ?%

STF STF+T

water 13 9
sky 73 84
mountain | 18 21
tree 35 51
grass 62 56
road 38 57
sidewalk 46 23
building | 31 41
rock 11 11
Snow 54 43
sand 17 12
plant 21 12
car 40 36
sign 20 8
person 29 20
Overall 41 48
Average 34 32

L
-l

object -
water d@ mountain
classes

grass road  sidewalk building

snow sand plant car

person

Figure 5.8: Scenes segmentation results. Left: Segmentations on test images using semantic
texton forests. Right: Segmentation accuracies (percentage) over the whole dataset, without
and with topic inference.
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CHAPTER 6

SEMANTIC COMPOSITION

The problem of image query representation is central to the problem of image search and
retrieval. The user has an image in their mind which they wish to find. Communicat-
ing the information about that image to a search program is therefore the first task which
any image search program must achieve. Eakins [27] gives a helpful delineation of image
search into three levels, ranging from the very concrete (e.¢. images with lots of green) to
the highly abstract (e.¢. images depicting “joy”). The first level comprises retrieval by what
Gudivada and Raghavan [35] describe as primitive features such as color, texture, shape or
the spatial location of image elements. Eakins divides this level further into the following

sub-categories:

e retrieval by color feature (find all pictures containing yellow and blue regions)

e retrieval by texture (find images containing regions with texture similar to that of wo-

ven cloth)
e retrieval by shape (find drawings similar in shape to this sketch)

e retrieval by spatial location (find pictures with objects of interest in the top left-hand

corner)

e retrieval by a combination of the above (find images containing yellow stars arranged
in a ring)
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which is similar to image retrieval using the basic image cues described in Chapter 2.

The third level is the retrieval of images by way of highly abstract concepts and ideas (e.g.
“Find a photograph of Morris dancing”, “Find a painting of a forlorn lover”). While this is
still out of reach both in terms of query representation and image understanding, we present
in this chapter a method of query representation and image retrieval which achieves the
second level of image search. This level consists of retrieval by derived attributes (Gudivada
and Raghavan describe these as logical features), involving some degree of logical inference
about the identity of the objects depicted in the image. This is referred to as retrieval by
semantic content, and corresponds to Panofsky’s pre-iconographic level of picture description
[78]-

Most search programs which are successful with this kind of search employ the use
of text describing the image. Text-based methods allow the user to specify the semantic
content of the image, i.e. the words which represent the objects in the scene that the user
is envisioning. The major drawback to this is the ideal requirement of trusted labels for all
images in the dataset, though we touched on a possible solution to this problem in Chapter
5. Even a perfect text based system, however, cannot capture the compositional information
presented by the content based image retrieval methods which utilize image statistics and
edge sketches. In this chapter, we further develop the concept of semantic composition, which
we first presented in a primitive form in [53]. Semantic composition is unique in that it
provides a framework within which queries can be specified using both semantic content

(what) and composition (where).

6.1 Bayesian Image Retrieval

When a user is searching for an image, he has a mental prototype of that image which

he will match against results. The “correct” result, in effect the result which an automatic
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building

Figure 6.1: Examples of Semantic Composition Here are several examples of semantic com-
positions on the left and possible images which satisfy them. We see here partial and ap-
proximate matches as well as exact matches. A semantic composition is a specification of
semantic labels for pixels in the target image, and matching images are those which adhere
to those labels to some degree. An exact match is an image which adheres to all of the la-
bels in the query, whereas partial matches may adhere to a subset of the categories, or only
portions of the labeled regions.

89



6.1. Bayesian Image Retrieval CHAPTER 6. SEMANTIC COMPOSITION

Y A P

D

Figure 6.2: Graphical Model. The model is based on the idea that there is an image in the
database which the user is trying to find. Their idea of that image has caused them to create
a set of observed labels L set out on a regular grid indexed by ¢, with size I. The variable
R is the image which the user is looking for, and A, C are associated with images in the
database, of which there are D. We want to find the image in the database which best
explains the labels the user has provided. v, A and p are the parameters of the model. See
text for details.

image retrieval system should rank highly, is that which most closely matches that mental
prototype. The problem of representing this prototype in a manner which is meaningful to
the search system is the heart of the problem of query representation. We propose that this
mental prototype consists of a semantic composition, that is to say a spatial arrangement of
semantically contiguous regions (i.e. self-contained regions in which all pixels are produced
by the same independent entity). Some examples of semantic compositions and possible
corresponding images can be seen in Figure 6.1.

The semantic composition provides a probabilistic framework within which the user
can specify their ideal image. As can be seen in Figure 6.2, the structure is based upon
the model for semantic segmentation introduced in Chapter 4, in that it is composed of a
grid of independent cells that divide the image and which have associated with them an
appearance A € {ala = RV} and a category label C' € {c}. However, in this model there is
the query image, consisting of label variables L, and the reference images in the database.

The image which the user is looking for is represented in the model by the random variable
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g L

D

Figure 6.3: Factor Graph This is a factor graph expansion of the semantic composition model
to aid in the application of the sum-product algorithm in the text [35; 58].

R € {d|0,...,D}. The query labels L € {w} are provided by the user, and reference image
node values are precomputed and stored in the database. As can be seen, the appearance
of the reference images and the labels of the query images are observed. Provided that we
are able to compute P(C;|A;) and P(L;|C;) the system is able to infer how well a reference
image in the database corresponds to the query which the user has presented.

In effect, the semantic composition is a semantic segmentation as discussed in Chapter
4 which is produced ex nihilo and then mapped onto potential results in what essentially
amounts to a maximum likelihood decision: what is the maximally likely image to have
produced this segmentation? The reason the model is called the semantic composition is
because it represents two distinct quantities: pixel meaning (semantics, represented by the
value of L in the model), and where and in what proportion that meaning is distributed

within the image (composition, represented by the subscript 7).

6.2 Efficient Compositional Search

The model shown in Figure 6.2 enables us to infer P(R) by marginalizing over the other

variables. In order to find an efficient manner in which to compute this, we must first con-
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vert the graphical model into a factor graph, as can be seen in Figure 6.3. We can use this
factor graph to highlight exactly which computations need to be performed to compute this
marginal in the most efficient way through the use of the sum/product algorithm [35; 55].

If we choose P(R) as the root we pass the following messages from the leaf nodes:

1A g fa; (Adi) =1 (6.1)
/’Lde*)Cdz Cdl Z f Cdl? Adl),U/Adz—)de (Adz) (6.2)
Ad1
Mdegdz-(Cdi) = /’Lfdi"cdi(cdi) (6.3)
Mgd'L*’L Zg Cdz’ ql)iu“cdz*’gdz (Cdl) (6'4)
Cdz
ur, Hh H Hgq;—L; (65)
pni—r(R) =Y h(Li, R)pp, o, (Li) (6.6)
L;

and the following messages back out to the leaves:

pr—n(R) = [ #n,—r(R) 6.7)
i
pin,—r,(Li) = > (R, Li)ptg—n,(R) (6.8)
R
KL;—gaq; (L ) Bh;—L; H He;—L; (69)
e#£d
lu’gdz_’cdz Cdl Zg th ML —0di (610)
1Cs— 14 (Cdi) = Hgai—Cai (Cai) (6.11)
Pfo—ag(Aai) =D F(Cair Aai)iCy—fa (6.12)
Cdz
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where the factors are computed as follows:

f(Cai = ¢, Agi) = P(Cai = c|Agi) = v[d, i, ] (6.13)
9(Cgi = ¢,L; = w) = P(L; = w|Cy; = ¢) = A, w] (6.14)
h(L; = w,R = d) = p[d, w] (6.15)

where p is a learned distribution over user labels w for each database image d, \ is a distri-
bution over user labels w for category c in the database, and  is distribution over category
c at location 7 in database image d, who initial value is produced by an automatic semantic
segmentation algorithm such as the ones presented in Chapters 4 and 5 from the observed
appearance Ag;.

When performing a search, we want to calculate the marginal likelihood of P(R = d) for
all documents d. By arranging the messages we can find the most optimal way of computing

this value. First, we look at all messages coming into R:
P(R=d) =[] un,—rB=d). (6.16)

We then expand this out to the labels L; in the image, using the observed values from the
user L; = w;:

P(R=d) =[] ML = wi, R = d)pin,—1,(Li = w;) . (6.17)

This equation is written as though all L; are observed. However, in practice this is not the
case and indeed above we have written the messages for the unobserved case. Let K = {k €

I} be the set of known grid cells and U = {u € I} be the set of unknown grid cells. The
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correct equation (with observed random variables replaced by their values) is then:

P(d) = [ hlw, d) i, —r.(wi) [ D ML d) a1, (L) (6.18)

k U Ly,

If we complete the expansion including replacing factors with their computations, we arrive

at the marginal likelihood equation for P(d):

P(d) = H ,O[d, wk}Z)\[c, wk]’Y[d7k’c]] H [Zp[dv ’w]Z/\[C, w]"}/[d, u, C] (619)

keK uelU L w

For unobserved nodes, while one option is to compute the sum over all values of L,,, another
is to limit w to the distinct values of the known labels. Thus, the sum over values of L,

becomes

Z pld, w) Z At wy[d, u, ] (6.20)

weWy,

where Wi, = {wi|k € K}, without repetition.

6.3 Summary

The practical outcome of this theoretical framework is the Palette Search image retrieval pro-
gram. In the next chapter we will introduce and explore that implementation of this system,
showing how the user interface corresponds to the various parts of the model, describing its

features and showing its results.
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CHAPTER 7

PALETTE SEARCH

In the last chapter we discussed the theory underlying semantic image search, which uses
the semantic composition to form queries and as a probabilistic model for image compari-
son. To prove the efficacy of this method of image search and retrieval, we have developed
an automatic image search and retrieval program called Palette Search. In this chapter we
will briefly look at the history of image search and retrieval, and then move on to the Palette

Search system, its design and its implementation.

7.1 Image Retrieval

There has been a significant body of previous research performed in the area of image search
and retrieval. In general, there are two approaches: those which concentrate on words
which correspond to the image through the use of manual or automatic captioning systems,
and those which retrieve images based on photometric and geometric statistics. Text-based
methods draw heavily from the text search and retrieval community, and as they rely mostly
on associated captions as opposed to the visual characteristics of an image, they do not have
much bearing on image retrieval per se. We refer the reader to [98] for a review of current
text-based semantic search tools. We will, however, examine the state of the art in content

based image retrieval, especially as pertains to the semantic understanding of images, and
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then examine other techniques which use Bayesian inference for image retrieval.

7.1.1 Content Based Image Retrieval

The field of content based image retrieval has been very active, given the urgency created
by the increasing number of searchable images and thus the demand for intuitive, effective
image search systems. The early work in the field, excellently summarized by Smeulders
et al. in [95], mostly concentrates on the description of images using the kinds of features
discussed in Appendix A to create appearance models which can be used for retrieval. The
classic example from this period is the Query By Image Content (QBIC) system of Flicker et al.
[33], which was one of the first to perform large scale image searches using image content,
and arguably the most successful. Of particular note is the work of Shaffrey [89], which
used the dual-tree complex wavelet transform to describe automatically segmented image
regions and allowed query by segment through large databases. This and other Query By
Visual Example (QBVE) systems which grew out of QBIC [100] remain limited by the fact
that they do not understand anything about the underlying causes of image appearance,
but rather find images which are visually similar to the query specifications. This is referred
to as the semantic gap between user and machine, in which the user becomes increasingly
frustrated because he does not understand the results which his queries are producing. In
the case of QBVE systems, they can be extended to incorporate semantics of a kind through
the use of image labels. If a QBVE system has a database which contains images associated
with words available to it, the system can use all of the images in the database which are
associated with a user provided semantic label to query by example, with some success [16].
Even so, this is limited by the database, its captions, and the fact that there are some concepts
which have highly variable appearance for which this technique is insufficient.

Query By Semantic Example (QBSE) systems create models of image concepts which cap-
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ture the relationships between words and pictures [2; 26], enabling the ability to annotate
images automatically with labels based upon their visual appearance. Given the nature of
how these systems are trained, however, they require large quantities of data. Their strength
lies in their ability to perform semantic inference, to connect the appearances of different
images to their labels by way of global image topics. Thus, by learning an “ocean” topic,
they are able to connect visual information from images which have labels such as “water”,
“sea”, “ocean”, “sky”, “boat”, and “ship” labels, and learn which words are synonymous
and the fact that that they all tend to occur together. Our system is the first which uses Query
By Semantic Composition (QBSC), whereby the user can search using both semantic concepts
and their positions to return images which closely match the desired target. While Palette
Search, the implementation of the system in this chapter, uses the semantic segmentation
technique of Chapter 4, it is important to note that it is able to incorporate any techniques

which are capable of inferring P(C|A) and P(L|R) and thus provides a framework within

which this area can be explored in future research.

7.1.2 Bayesian Methods

There is a rich recent history in CBIR of methods which have utilized Bayesian statistics
for image retrieval. Considerable research has been done on the subject by Vasconcelos
et al. [100; ] (@ complete overview can be found in [101]). A recent system by Heller
and Ghahramani [42] utilizes binary feature vector representations to perform augmented
QBVE with a fully Bayesian model. The previously mentioned QBSE system of Barnard et
al. [2] has not only been used in image annotation and retrieval but extended for use in
cross-modal disambiguation [4; 5]. The QBVE system of Yavlinksy et al. [107] models image
features directly from the words, eschewing the topic based model approach of Barnard et

al.. Their work uses a non-parametric kernel density estimator based on the Earth Mover’s
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Distance [52], using Bayes rule to obtain P(W|X) where X are image features and W is a
word in the vocabulary.

One of the pioneering systems in the use of relevance feedback as an integral part of
image retrieval is the PicHunter system of Cox et al. [20], which models uncertainty in the
users’ goal in order that it can optimally select sets of images for presentation to the user,
with each user action removing uncertainty about that for which the user is looking. The
innovative label-propagation framework of Zhu et al. [111] provides an attractive manner
in which to perform semi-supervised learning which has been utilized as another way of
incorporating relevance feedback [45]. Our work differs from all previous systems due to the
fact that it has available to it a per-pixel category distribution for each reference image, thus
opening up the ability to build a probabilistic model for image comparison which acts on
the level of a grid cell. This model, which we presented in Chapter 6, allows us to compare
images directly to the user’s query, which incorporates both semantic category and position

within the image.

7.2 Overview

In this chapter, we present the Palette Search image retrieval system. The system utilizes the
semantic composition model to perform image retrieval by ranking images in the database

by the marginal likelihood of P(R = d) where d is an image in the database, computed as

rd) =] <p[d, wk]Z)\[c,wkh[d,k,c]) 11 (Z pld,w] Y Ae, wlv[d, u,c}> . (7

keK uclU w c

Naturally, due to computational constraints this is computed and compared in log space.
The retrieval system consists of the user interface, which we have adapted and updated

from the semantic photo synthesis interface of [53], the image database, and the comparison
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model. It enables the user to provide the observed values of L; (wWhose indices form the set
of known labels K) to the model. ) is a translation or word frequency table, which models
how the labels the user can provide map onto the topics which form the domain of C. Palette
search is optimized for use by users of stylus-based personal computers and devices, and as
such we created a palette of semantic paint from which the user can choose a particular label.
Given the limited nature of this label select system, we found it was sufficient to make the
range of L and C' equivalent, thus reducing A to a binary indicator variable which is 1 when
L = C and 0 otherwise. In text-based systems, a more complex A would be appropriate.
The p distribution is provided by the ILP, created using the image categorization introduced
in Chapter 3 and refined in Chapter 4, and is pre-computed and stored in a database along
with v for every database image. It should be noted that due to our simplification of the A

variable, Equation 7.1 collapses to

P(d) = ] (old, wel~ld, k,wil) T ] (Z pld, w[d, u, W]> (7.2)

keK uelU w

thus allowing p and v to be pre-multiplied. Images are segmented by the segmentation for-
est system of Chapter 4, and then scaled to a square grid with 32 cells to a side, thus requiring
4096 x Z bytes per image to store (where Z = |{c}| is the number of cell categories), which in
the case of the MSRC21 dataset is 90KB (due to 21 categories + 1 void category). This num-
ber depends mostly upon the grid resolution. This is a case of a space/time/performance
tradeoff, where less storage space will increase speed at the cost of search performance. The
computations for the search are independent given the observed values of L; and thus can
be parallelized with considerable ease. In our experiments, a search of a database of 591
images took an average of 63ms to perform using one core of a Pentium Core 2 Duo 2.4GHz

computer, using our un-optimized C# implementation.

99



7.2. Overview CHAPTER 7. PALETTE SEARCH

Palette Search €#

building

)

A48 b B

Figure 7.1: The User Interface. The user interface is much like a bitmapped paint program,
but the paint corresponds to semantic categories. The numbers correspond to the items listed
in Section 7.3. This is the default mode of the program, during which the user creates a

query.
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7.3 The User Interface

As can be seen in Figure 7.1, the user interface is clean and uncluttered, presenting a simple
paint interface to the user. The various parts of the program are highlighted with numbers

in the Figure. The parts of the Ul are:

1. Query Canvas

2. Label Palette

3. Brush Size Tool

4. Query Toolbar

5. Results Pane

The Brush Size Tool allows the user to easily change the brush size. The Query Toolbar contains
useful commands for clearing the canvas, filling it with a particular color of semantic paint,
the toggle for going between painting and erasing modes, buttons for saving and loading
searches and the button which initiates a search. The gray bar in the bottom right corner
and the blank space in the bottom left is used to notify the user of progress on tasks running

in the background and to give status updates.

7.3.1 Query Canvas

The Query Canvas can be seen in more detail in Figure 7.2. Here the user has painted a
query consisting of five things. We chose a painting-program approach based on the fact
that it is a well-known and established interface with which people are familiar and that
it provides a very explicit way of allowing the user to specify the semantic composition of

their target image. However, this aspect can also hurt us, as users sometimes believe that
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| & || E

Figure 7.2: The Query Canvas. We can see here that the user has put together a complex,
multi-object query. He has been very specific about where certain objects are. The labels float
with the paint, to give feedback so that the user is aware of what each color corresponds to.
Unpainted areas of the canvas are allowed to vary between the provided semantic categories
during the search.

& ! LVd
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Palette Search €#

C=)

Figure 7.3: Results View. The user is shown results in the scrollable pane to the left of the Ul
The space allocated to this pane can be adjusted by way of the grip separating it from the
main area. As the user selects images from the pane they are shown at a higher resolution in
the main area. A thumbnail of the query at the top right gives the user a reminder of what
they requested and enables them to match the result images to what they provided. By click-
ing on this thumbnail the results pane clears and the query canvas returns for modification
of the existing query or the creation of a new one.

they must sketch out a drawing of the scene using all of the colors to make a representation
of each object (e.g. using brown for the trunk of a tree and green for its leaves, instead of the
semantic paint ‘tree’ over the region). The addition of labels on the paint and a brief tutorial
kept users from making this understandable mistake. The drawing interface is one which
is intuitive to use with a mouse, but truly lends itself to those users of devices whose main

input mode is a stylus.
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7.3.2 Results View

The application in results view is shown in Figure 7.3. The user is presented with a list of
results on the left, and by clicking on one of them is shown a larger version in the center.
The amount of space allotted to the results browser can be changed by way of the divider
between the two, with the results smoothly adjusting to fill the space, and the full-size ver-
sion shrinking to accommodate if necessary. At the top right is a thumbnail version of the
user’s search, and by clicking on it they will clear the results and bring back the palette, with
their search as they left it. Thus, modifications to the search can be made easily if the user

wants to adjust it to get better results.

7.3.3 Label Palette

An example of the Label Palette when it is opened can be seen in Figure 7.4. Note that
each color of semantic paint is shown in a grid. The palette is opened by one click and the
paint color chosen by one click, an interface ideally suited for users of stylus-input based
machines. Due to the number of categories and the need to have different colors for each,
it is not possible to have the colors correspond to each category, and thus the categories are

arranged alphabetically to make them easier to locate.

7.4 Experiments

The goal of our experiments was to show that semantic composition was an effective means
by which to perform QBSC searches into an image database. As such, the images in that
database had to be ground truth labeled in order to evaluate performance, which ruled
out the majority of the current CBIR datasets. Also, the inability of current methods to

perform such a search made it particularly difficult to compare performance between the
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airplane bicycle

book building

dog flower

road sheep

Figure 7.4: The Label Palette. The label palette consists of a rectangular grid of colors. The
user clicks the palette button once to bring up this grid, and makes his selection with one
click on the paint color. The labels are in alphabetical order for convenience. With minimal
practice, this becomes a very efficient and fast method of switching input modes.
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techniques. Therefore, we performed our quantitative experiments with the semantic com-
position search which we have described, with a random ordering of the database images to
compare against along with a QBSE algorithm, in this case the responses from the ILP. We

calculate P(D) as the

Q
P(D,{L,}) = H (D|L,) (7.3)

P(D|Ly) x P(Ly|D)P(D) (7.4)

where {L,} is the set of user-provided labels, P(L,|D) is the probability of the label com-
puted by the ILP for an image D and P (D) is a uniform prior over documents in the database.
In order to avoid zero probabilities in P(D|L,), a Dirichlet prior over labels is employed
when computing P(L4|D).

Performance was evaluated using the area under the ROC curve metric and average
precision. The AuC value is obtained by integrating under the ROC curve, defined as
{(fpr,, tpr,)|Vi} where i is a position in a ranked list of results. The false positive rate at

rank 7 is defined as:

_ 2 l—c(r) (7.5)
where N is the size of the list and

1 if r is a correct example
e(r) = (7.6)

0 otherwise

Similarly

= 7160") ) (7.7)
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<« | True Negatives

False
Positives

Figure 7.5: Precision and Recall. The green square is the set of correct results and the blue
square is the entire database. The orange dotted line denotes a particular rank in a ranked
list, where everything in the diagram to the left of the line has been returned by a search
algorithm. The Precision is the proportion of the area of the green square to the left of
orange line to the area of the blue square to the left of the orange line. The Recall is the
proportion of the area of the green square to the area of the blue square.

A Precision/Recall curve consists of points {(R;, F;)|Vi} where precision is measured as:

P = M (7.8)

and R; = tpr,. For further aid in understanding, precision and recall are explained graph-
ically in Figure 7.5. The Average Precision performance metric is a smoothed integration

under the PR curve, computed as

N

1
AP, = ——~—— P, 7.9
S o 2 el 72

These are the standard measures of performance for Information Retrieval, however as
noted by [95], recall in particular and standard IR performance measures in general be-
gin to be less effective determiners of system performance for image retrieval the larger the
response size becomes. That concern combined with the comparatively small size of one
of the test databases (591 images) influenced us to constrain the experiment to the top 40

responses.
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We performed 3 quantitative experiments. All searches were performed using the ground
truth labels of the 256 unseen test images as the query. For details on the MSRC21 dataset,
see Appendix B. In the first experiment, we compare the three algorithms in a content-only
search, where a true positive is defined as an image which shares all of the labels of the
query image. Thus, if the query is of a sheep standing in grass, any image with sheep and
grass is considered a possible result. In the second, we compare all three algorithms in a
compositional search, where a true positive is defined as an image whose semantic labels
overlap the query’s labels by at least 75% for all categories individually. So, if the query is of
a sheep standing in the grass, any image which has sheep pixels at least 75% the same as the
query image and grass pixels at least 75% the same as the query image is considered correct.
Naturally, this is a much harder task, and one which requires a pixel-level understanding
of the semantic content of an image. In each experiment we search the database with the
ground truth segmentation of each test image used as its semantic composition query. We
then record the mean AP and AuC over all searches for response sizes of 5, 10, 20, 30, and
40. Our third experiment consisted of varying the percentage of pixels that match required
to be considered a true match, to see how the two algorithms degrade as the performance
requirement increases.

The results for the content-only experiment are shown in Figure 7.6. As is to be expected,
the QBSE algorithm performs best, closely followed by the semantic composition. This is
for several reasons. First is the assumption in the model that every known pixel is of equal
importance. One potential drawback of this system is that the importance of a category
to the model is directly related to how many pixels the user provides a known label for.
Thus, if the user provides 1000 grass labels and 24 sheep labels, the system will (arguably
correctly) concentrate on images which match the grass moreso than those which match

the sheep. Since the positive results for this search contain images which may have the
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Figure 7.6: Content-Only Search Results. As is to be expected, our Query by Semantic Exam-
ple algorithm (denoted ILP here) slightly outperforms semantic composition (denoted SC).
Random performance is included for reference. The reasons for this result are presented in
the text, but in brief semantic composition is bound by design to give great emphasis not
just to semantics but to location. Thus, as far as it is concerned images which have the right
semantics but the wrong composition are incorrect, though by the metric for this task they
are correct. This is not the case for the QBSE algorithm, which only acts at the global image
level. Performance for average precision (a) and area under the ROC curve (b) is shown.
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same categories but in a completely different configuration than the one specified, it is very
natural that the semantic composition system will perform slightly less due to ranking those
images lower than images which are partial matches but have a subset of object classes in the
right positions. An example of this can be seen in Figure 7.10 with the dog images, where a
search with two or more items that are in an uncommon positional combination (a dog and
a boat) results in the top images returned being strong partial matches for one of the objects.
These images, though near matches in terms of position, are not deemed true positives for
the search due to the constraint that all classes must be present.

The graphs in Figure 7.7 show the performance of the search algorithms on the com-
positional search task. Here we see the clear improvement gained by using the semantic
composition on this much harder task, as the content-only method fails to retrieve images
which have the right content in the right position. Retrieval results for successful and un-
successful queries on the MSRC21 dataset are shown in Figures 7.9 and 7.10. The success
images shown are the top four results as ranked by average precision (with AP = 1) and
the failure images are the bottom four (with AP =~ 0). As can be seen, the “75% of pixels the
same” correct metric is quite punishing, but semantic composition is still able to perform
very well. In Figure 7.8 we show the effect of changing the metric for correct images from at
least one pixel the same to 90%, which shows the point at which just returning images with
the same semantic content does not satisfy the user’s query as well as semantic composition
is about 12% pixels the same.

The system has three main failure modes, shown in Figure 7.10. (a) is a typical example
in which a semantic category with a strong signal dominates the unlabeled pixels, as well
as demonstrating the inherent scale issues in the system. While scale can be constrained to
a certain amount, with the face category in particular it can result in rankings like these. (b)

and (c) show the main failure mode, in which two or more semantic categories which occur
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Figure 7.7: Compositional Search Results. Here we see the remarkable improvement of Query
By Semantic Composition (SC) over Query by Semantic Example (ILP) on this very difficult
task. Correct images were those which shared 75% of pixels with the query for all semantic
categories. The average precision (a) in particular shows the steady performance of the
algorithm, even as the response size becomes very small. Performance for average precision
(a) and area under the ROC curve (b) is shown.
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Figure 7.8: Increasing the Required % of Pixel Match. We see here that very early on Query
by Semantic Example (ILP) is unable to satisfy the requirements of the query. This is to
be expected to a certain extent, given that it is position agnostic, but demonstrates what
our Query by Semantic Composition (SC) algorithm is able to achieve in this dataset over
current methods which do not take into account the positional semantics of images.

together only rarely in a certain composition are specified in the query, and thus the results
concentrate on strong matches for a subset of the categories. (d) shows erroneous matches
as a result of faulty information from the segmentation algorithm (e.g. the man in the jacket
is not a sign).

In addition to the MSRC21 results we provide results on the Scenes dataset. Due to over-
labeling on the part of anonymous users and inaccuracies, the quantitative measures score
very low. They show the same trends, however, as can be seen in Figure 7.11. Results of the
compositional search can be seen in Figures 7.12 and 7.13, following the same methodology
of giving the four highest and lowest searches. The failure cases here echo what we saw
in the MSRC21 dataset. All four show situations in which large regions of one label have

dominated the matching process to the exclusion of other labels. In (a) and (c) the segmen-
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Figure 7.9: MSRC21 Example Compositional Search: Success. Shown here are four searches,
each of which had an average precision and AuC of 1 over the entire dataset with 75% of
pixels matched required for correct results. In total, 49 of the 256 searches performed had an
AP of 1, with 130 having APs above .5 over the entire dataset. (a) shows a search in which
there were only three correct results, and as expected the next two results contain subsets of
the objects in the query in the right locations.
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Figure 7.10: MSRC21 Example Compositional Search: Failure. Shown here are several standard
failure cases of the system. These four searches are drawn from the bottom 10 searches, all
of which had an AP of approximately zero. For a full discussion of the failure cases, please
refer to the text.
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tation algorithm has incorrectly labeled parts of the image, resulting in incorrectly ranked
results. A typical problem with this dataset can be seen in (c), where a very small area of
the image is marked as “sign”, the result of zealous anonymous labelers. This kind of label-
ing actually hurts training, and drives the accuracy numbers down during evaluation. This
is an area where a hand-crafted dataset such as the MSRC21 dataset is very forgiving, by
providing buffer zones labeled ‘void” at the boundaries between different categories and by
ignoring obscured or small objects in the ground truth data. At the same time, these results

demonstrate the ability of the system to still perform well even on large, varied datasets.

7.5 Summary

The Palette Search system is an exciting new way of searching images, enabling the user to
specify both what is in their desired image and where it should be. It is a kind of search
only made possible by the presence of an accurate semantic segmentation algorithm, such
as we have presented in Chapter 4, and shows one of the possible new directions for future
research in content-based image retrieval. In particular, it provides a powerful interface for
image search which eschews text input in favor of a graphical, point-and-click approach
particularly appropriate for image search. In the next chapter, we will discuss our findings

and possible future directions for this research.

115



7.5. Summary CHAPTER 7. PALETTE SEARCH

0.25

0.15

0.1

(a)

Mean Average Precision

0.05

0 T T T T T T T T )
0 5 10 15 20 25 30 35 40 45

Response Size

===SC ==|LP Random

0.45

0.35
0.3 /
0.25 /

0.1 y
0.05

(b)

Mean Area Under the Curve

0 - T T T T T T T T )
0 5 10 15 20 25 30 35 40 45

Response Size

w==SC e=|LP Random

Figure 7.11: Scenes Compositional Search Results. Here we see the remarkable improvement of
Query By Semantic Composition (SC) over Query by Semantic Example (ILP) on this very
difficult task. Correct images were those which shared 75% of pixels with the query for all
semantic categories. The average precision (a) in particular shows the steady performance
of the algorithm, even as the response size goes to very small sizes. Performance for average
precision (a) and area under the ROC curve (b) is shown.
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Figure 7.12: Scenes Example Compositional Search: Success. Shown here are four searches cho-
sen from the top 100 as ranked by AuC, with 75% of pixels matched required for correct
results. In total, 140 of the 2202 had an AP of 1, with 1475 having an AuC of .9 or above over
the entire dataset.
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Figure 7.13: Scenes Example Compositional Search: Failure. Shown here are several standard
failure cases of the system. These four searches are drawn from the bottom 100 searches as
ranked by AuC. For a discussion of failure cases, please refer to the text.
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CHAPTER 8

CONCLUSION

Throughout this thesis we have discussed various new solutions to standing problems in
computer vision for which we have furthered the state of the art, culminating in a new form
of image search. We will now discuss our findings, the limitations of our techniques, and

directions for future research.

8.1 Findings

The first part of the thesis concentrated on our novel solution to the problem of semantic seg-
mentation. In Chapter 2 we examined the state of the art in image categorization through the
use of bags-of-words models, this being the dominant manner in which semantics is incor-
porated into image search. We found that though bags-of-words models throw away spatial
information, they remain quite effective, especially when independent cues are combined
together. We then introduced a novel visual inference framework, the semantic texton forest,
in Chapter 3, and demonstrated its uses for image categorization. The semantic texton forest
is tailored to the task of semantic understanding of visual data, and is able to learn from the
data itself what features are most useful for pixel categorization and labeling. We explored
the effects of the various training parameters on pixel categorization accuracy, and showed

how it was possible to train a forest for pixel classification in the absence of ground-truth
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labeled data. In Chapter 4, we demonstrated the power of semantic texton forests for seman-
tic segmentation. We showed that we have obtained the state-of-the-art for performance on
this task as compared to the techniques of Shotton et al. [92] and Verbeek et al. [103], while
developing a technique which is incredibly fast and efficient due to its tree-based structure
for feature extraction and label inference. In Chapter 5, we explored the theoretical model
of the semantic texton forest and demonstrated that it can be viewed as a kernel density
estimator, and as such can be used as part of a Bayesian pixel categorization model. We
then used that model to infer an image’s annotation, and demonstrated that it is possible to
significantly improve pixel categorization accuracy by performing further inference on the
model.

In the second part of the thesis, we concentrated on the problem of semantic image search,
more specifically the ability to perform Query by Semantic Composition, which we present as a
challenging new research direction for content-based image retrieval. We introduced a new
method of query representation, the semantic composition, in Chapter 6. We described the
probabilistic foundation for image search and comparison which it provides, and placed it
in the context of the continuing development of content based image retrieval. This culmi-
nated in Chapter 7, where we introduced the Palette Search system. Palette Search enables
the user to specify the semantic content of their target image and the composition of that
content, i.e. where in the image plane it is located. Using the semantic segmentation tech-
nique developed in Chapter 4, we automatically segmented a database of images and per-
formed queries into this database using the semantic composition model. We showed that
our technique significantly improves over a Query by Semantic Example technique, which
represents an approximation of the current state of the art given a lack of existing results by
standard CBIR algorithms on our datasets. While there exist techniques which enable the

user to specify colors, textures or primitive shapes for regions of an image, ours is the first
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system which enables a user to specify multiple semantic regions, and the first to allow the

user to do so using an intuitive paint-like interface.

8.2 Limitations

The techniques we have presented are a step forward in our ability to understand the under-
lying meaning of visual content, but there is still much work to be done in this area. One of
the major limitations of the technique presented in Chapter 4 is its reliance on ground-truth
pixel labels. This data is expensive to obtain and therefore scarce. While we are able to ex-
ploit what data is available very effectively, and have developed means by which to create
ground truth labeled data from anonymously labeled data on the Web (see Appendix B for
details), this remains a serious limitation of the technique. Indeed, the second-level forest
which we employ cannot be trained without it. While the model we presented in Chapter 5
can potentially be used to overcome this limitation by unfixing P(C|E) and fitting the dis-
tributions by way of observed image topic labels X, this still requires trusted image topic
labels, which while more plentiful are still limited in their scope. The next generation of se-
mantic segmentation algorithms must be able to be trained in a partially supervised, if not
entirely un-supervised manner.

Query by Semantic Composition, while a novel concept, presents anew old problems in
terms of algorithm evaluation. Image retrieval has always been plagued by the question of
how to evaluate the performance of algorithms [95], and the inclusion of positional semantic
constraints on the problem does not make this question any easier to answer. The gold stan-
dard is really evaluation by human users on large datasets, and there has been significant
research on how best to perform this [51]. We avoided the problem by using databases with
semantic data for all pixels and thus were able to evaluate precisely which images were cor-

rect for the user’s query, but the true test of ours or any system is its ability to satisfy users
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on large, varied datasets, for which ground truth data is unavailable.

8.3 Future Work

Semantic texton forests show incredible promise as a new framework for semantic segmen-

tation. As such, there are many directions which we are interested in exploring:

Real-Time Semantic Segmentation of Video The structure of the STF lends itself well to
optimization, in particular hardware optimization using programmable graphics chips.
An interesting research direction would then be the semantic segmentation of video
in real-time, for use in car/robot navigation or video frame search. In particular, the
additional dimension of time allows the introduction of new feature tests to the forest
which act on the space-time cube, allowing previous frames to aid in the segmentation

of future frames.

Volumetric Semantic Segmentation Following on in the same vein, the use of STFs for vol-
umetric semantic segmentation, specifically in medical imaging, is an area of consid-
erable interest for future research. The ability of the forest to learn the most useful
features from the data, the smoothing effect of multiple trees, and the ability to per-
form tests in three dimensions and across multiple image channels are particularly

suited to the very difficult problem of volumetric segmentation of medical images.

Conditional Random Fields While the two-tiered segmentation technique introduced in
Chapter 4 incorporates compositional cues into the segmentation process and thus
mitigates the effect somewhat, our current model for semantic segmentation makes
the very naive assumption of grid cell independence conditioned on the topic. In real-
ity, adjoining grid cells are connected to each other, and a more accurate model would

have dependencies between these cell labels, creating a conditional random field [59].
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This would result in cleaner segmentations, enforcing local uniformity in the labels.

Partially Supervised Training We have begun preliminary research on the training of se-
mantic texton forests in the absence of ground truth labeled pixels, but there is much
remaining to be done before we are able to approach the same quality of segmenta-
tion as in the fully supervised case. Russel et al. have begun an interesting line of
research in [84] which uses multiple photometric segmentations to determine object
boundaries. This method could easily be adapted for use with STFs, and is a promis-

ing direction for this research.

Having proposed Query by Semantic Composition, we are interested in seeing the devel-
opment of new datasets and algorithms which will further its development as a new form
of image search. Our efforts at the automatic conversion of image label data from LabelMe
[85] are a step in the right direction, and the existence of these datasets should be exploited
for use in the CBIR community to a greater extent. In particular, we would be interested in
launching a large-scale image search user study to determine preferences for different kinds

of image search in general, and QBSC in particular.

8.4 Final Remarks

Visual object recognition continues to advance dramatically, with our work being but one of
a series of exciting strides forward in the past few years. The addition of semantic segmen-
tation as a new category in the Pascal VOC2007 object challenge [2¢], is an indication of how
the community is attempting more and more difficult tasks as a whole. Indeed, the remark-
able performance of algorithms in the image classification task of this most recent Pascal
challenge on thousands of difficult images from 20 categories is a sign of how far we have

come. To put this in perspective, however, the human visual system can recognize tens of
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thousands of different object categories in a fraction of a second, with astounding accuracy.
Our field still has a very long way to go before we can approach that order of magnitude for
performance.

Similarly, while CBIR algorithms continue to improve, there remains a barrier between
the community and actual image search algorithms in common use. This barrier is par-
tially due to inertia of current search paradigms, but also due to a lack of query innovation.
As long as text input remains the main form of image query, caption-based methods will
continue to dominate the field. Query by Semantic Composition provides a new paradigm
for image search that is uniquely achievable using image understanding. As the content
of the web becomes increasingly separated from its representation and display, active and
involved search paradigms and dynamic content creation will demand intelligent agents
which understand all forms of media. This provides a unique opportunity to create demand
for better image search capabilities, and with the explosion in the quantity of digital image
and video data we finally have the raw material available to create these agents. Only by
developing generative image models which can be trained in an unsupervised manner can
we exploit this data fully. We believe that semantic texton forests are an important step to-
wards these learning techniques, and that semantic composition provides a model for image

search and retrieval which can incorporate them as they become available.
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APPENDIX A

REPRESENTING VISUAL DATA

Visual data is rich with varied kinds of information. The raw pixels of an image tell us little
on their own besides distributions of color, light and shadow. They themselves are merely a
discrete representation of a continuous visual signal, a two dimensional representation of a
three dimensional scene. Thus, it is necessary to process the pixels in order to gather more
information about an image, and to store it effectively and efficiently for further tasks. In
this appendix, we will discuss the nature of digital color imaging and its limitations, and
then perform a review of interest points and descriptors and how they can be used to sift
through visual data for nuggets of useful information which can inform the higher level

tasks discussed in the thesis.

A.1 Color Spaces

Color is a complex property, and storing it digitally is difficult to do accurately due to the
fact that different imaging devices will produce different values for the same color, thus
making device-independent storage only possible through calibration. Even if the values are
being encoded accurately, however, the wavelength of light emitted from a surface changes
based on a variety of environmental conditions such as the viewing angle or the color and

strength of the light source(s), though the properties of the surface do not. Thus, it is possible
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to get two different color readings for the same point on a surface from one moment to
the next. In this section we will review different methods of storing color in common use
and how effective they are at dealing with this problem in relation to their ease of use and

understandability.

A.1l1 RGB

The RGB, or Red Green Blue, color space is the simplest method of color data storage and
by far the most widespread in computational applications, and has its root in the first efforts
with color photography by James Clerk Maxwell in 1861 [43]. The standard method uses 8
bits per color resulting in a 24-bit representation with 0 indicating no amount of a particular
color and 255 indicating the maximum amount of that color. For example, (0, 0, 0) is black
and (255, 255, 255) is white, with red being (255, 0, 0). The intuition for RGB is based some-
what on the human vision system, in which three cones respond to yellow-green, green and
blue light to varying degrees, mixing to create the various colors we perceive [47].

Such a system is said to use additive color, since three or more primary colors are com-
bined to create a gamut of colors. It should be noted that RGB does not dictate the nature of
the red, green and blue that are to be mixed, thus making it possible for the same RGB value
to result in two completely different colors on two different devices, a significant problem if
we are trying to learn color statistics for the purpose of computer vision. For a depiction of
the RGB color space, refer to Figure A.1, a cube in which each of the three dimensions rep-
resents values for red, green or blue. As can be seen somewhat in this depiction, the values
for a particular color, such as “green”, are spread over a large area of the cube as intensity

varies. A more useful color space would be one which separates color from intensity.
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o

Figure A.1: RGB Color Cube and Slice On the left is a rendering of the RGB Color Cube as
shown from the perspective of the white corner (black lines added for clarification of edges).
On the opposite side of the cube is the same view but with each of the colors darkening to
black at the point. The slice is taken at Green = 150, with Red increasing horizontally to
the right and blue increasing vertically upwards. Notice how any particular color is spread
across large areas of the cube, both on the surface and internally.
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Figure A.2: (a) HSL Double Cone The HSL double cone. This structure captures two main
human intuitions about color. First, as Lightness increases to its maximum or decreases to
zero, color (Hue) and Saturation become decreasingly important and harder to distinguish.
Second, color is separated and forms a color wheel in which similar colors are close together.

Figure A.3: (b) Lab Gamut Though this representation is sub-optimal (the actual color space
cannot be represented using printed colors alone, what is shown is an approximation) this
shows the range of colors which can be represented using the Lab color space, shown here
as the hues at maximum luminance.
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A.12 HSL

HSL, or Hue Saturation Lightness, is perhaps the most intuitive of the color spaces, and was
introduced by Smith in [96]. Each of the three elements corresponds to one of three aspects
of a color: which color it is, how strongly it is that color, and how bright it is respectively.
It is designed this way to mirror human perceptions of color, based upon very early work
in psychology by Yerkes [108]. If RGB is a cube, then HSL is a double-cone as shown in
A.2, with Lightness on the vertical axis, and Hue and Saturation being angle and radius
on the circular cross-section. For computer vision HSL can be very useful, as it separates
out intensity from color, making it possible to store color as a distinct entity and analyze it
independent of light source intensity. However, it suffers from the same problem as RGB
in that the perceived distances between colors are not properly reflected by the geometric

properties of the space [50].

A.13 CIELab

The Lab color space was first proposed by Hunter [49; 45] and then updated by the Com-
mission Internationale d’Eclairage (International Commission on Illumination) to the L* a*
b*, or CIELab color space, depicted in Figure A.3. It was developed as an attempt to create
a complete, device-independent color space which mimics the perceived distances between
colors determined by the human brain. It is device-independent based on a known white-
point (the set color of white under a known illuminant) and is able to encode all colors
visible by the human eye (and some which are outside the range as well.) The L represents
Luminance, a denotes where on a scale from red to green the color lies, and b similarly with

blue to yellow. Lab is by far the least intuitive of the color spaces, though its completeness,

device-independence and Euclidean properties in respect to human perceived color distance
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make it very useful for vision tasks [50].

A.2 Interest Points

While each pixel in an image is potentially interesting, in practice there are several specific
points in the image which are useful in computer vision tasks. These can be divided into
three groups: corners, edges and blobs. The advantages that these points have is that they
can be detected reliably in different images of the same scene because they are created by
objects within that scene. The difficulty comes in finding the correspondence between two
images of the same scene, which is why interest points are often coupled with local descrip-
tors, which describe the area around them.

The three main kinds of interest points are edges, corners, and blobs. Edges mark the
boundaries between different areas in the image, for example areas of different brightness
levels, or texture statistics. Corners are found at the peaks in the autocorrelation function
(often corresponding to geometric corners, or points where several regions intersect, but not
always), and blobs are found in the stable centers of uniform regions. Of the three, edges are
easiest to extract, corners are the most numerous and blobs the most stable. All three have
biological plausibility, i.e. there is evidence that there are structures within natural vision

systems that perform all three tasks [66].

A.21 Edges

Edges are located where intensity values in the two-dimensional image function undergo a
sharp change from one state to another, such as from a white square to a black background.
These points are the local maxima of the gradient of the image. Canny edge detection [15]
is a efficient process that produces a binary edge image (in which every point is labeled as

an edge or otherwise) or an edge list from an input intensity image. An example of edge
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Figure A.4: Canny Edge Detection Shown here is an image and its Canny edge map at o =
3,71 = .3,72 = .7 where 71 and 7 are the thresholds used for hysteresis. Notice the clean,
connected edges and the complete lack of noisy, unnecessary edges in the image.

detection performed on an image is shown in Figure A 4.

A.2.2 Corners

While commonly referred to as “corners”, they are in fact maxima in the autocorrelation
function [73] and as such often correspond to geometric corners in the scene, but not always.
In [39], Harris and Stephens describe a method based on the Moravec corner detector [73]
which finds these maxima.

Let I(z,y) denote the smoothed image brightness function. Of interest for corner detec-

tion is the matrix

H=vIvIT = w0y (A1)
@) (3L

or more specifically, its smoothed version

i (I2)  (Ledy)
7 (A2)

(Io1y) (1)

where V(I) = G % VI, G is a two-dimensional Gaussian smoothing kernel and VI =

Iz, 1)) = [%, %]. This matrix describes the gradient characteristics in the window of the
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Figure A.5: Harris Corners This image displays Harris corner detection, with the 200 maximal
corners from the image superimposed in red. Notice how the detector fires not only at
geometric corners but also at areas of active texture (e.g. the crinkled bag, the tangled wires.)

smoothing kernel G. Its eigenvectors ¢y and ¢; describe the main directions of the gradient
with the strength of those directions being directly related to their corresponding eigenval-
ues A\ and A;. If both \g and A; are large, this indicates that a patch moved in any direction
around the point will have a low correlation to the surrounding pixels and thus the point
is labeled as a corner, if only A\g dominates the area is an edge, and if both are negligible
the area is uniform. As such, this method can be used for both corner and edge detection.
The o used for G determines the scale of the features detected by dictating the size of the
neighborhood inspected.

This basic method, though improved by Shi and Tomasi [90] and Noble [74], is still used
in many circumstances. One of its limitations as an interest point detector is that it is unable
to give an intrinsic scale to the point, that is the scale at which the corner is most strong. This

is addressed in the line of work on corner detection by Mikolajczyk [69] by the introduction
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Figure A.6: Difference of Gaussians Here we see how the difference of two Gaussians can
approximate the shape of a Laplacian of a Gaussian.)

of a Laplacian of a Gaussian over scales computed at the detected point, with the scale being

set as the maximum or minimum of the Laplacian over scale.

A.2.3 Blobs

A “blob” is an uniform spot in an image which is either lighter or darker than its surrounds,
are are essentially the maxima and minima of the image when convolved with the Laplacian
of a Gaussian. The Difference of Gaussian (DoG) operator can be used as an approximation
to the Laplacian of a Gaussian to find zero crossings in the gradient of an image for edge
detection. It can also be used to find very stable interest points in the center of stable uniform
regions [69], and is considered to be a biologically plausible model for the method used by
mammalian brains for this purpose [109]. As shown in Figure A.6, the difference of two
Gaussians approximates the Laplacian of a Gaussian, and the response of the operator for

an image will have a value of zero at edges. The maxima and minima of the response are
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Figure A.7: Blob Detection An image is convolved with a Laplacian of Gaussian and blobs are
detected as the local minima and maxima of the resulting image. In this figure, the image on
the left has been convolved with the Laplacian of a Gaussian shown in the middle to result
in the image on the right. The detected blobs are marked with red dots.

stable points of interest. An example of blob detection can be seen in Figure A.7.

Lowe uses the DoG detector to find blobs as the initial step of his effective SIFT feature
point scheme [65]. In his system he first calculates a scale-space pyramid by convolving an
image with a Gaussian of 0 = 27 L + 3 times and then subsamples the Lth of these images
by 2 to begin the next octave. Repeating this O times, this achieves L + 3 images in each of
O octaves. Within each octave he then calculates L + 2 difference images, subtracting the
i + 1th image from the ith image for ¢ = 0 to ¢ = L + 2. In each of these images he tests
to see if a maximum or minimum in one scale is also the maximum and minimum in the
adjacent scales. Once this has been determined to be true, he localizes the point by finding
the maximum of a translated Taylor approximation of the scale space function as described

in [14] to obtain a series of stable interest points at different scales.

A.3 Descriptors

Once an interesting location in the image has been found, the task remains of describing

unique that location in the image. In order to be effective, the description must be robust
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to changes in the way the patch looks. These descriptions, called feature descriptors are n-
tuples which represent information about an area of an image. It is in essence a targeted
data reduction which gives particular information about an area in a compact form.

In image matching and retrieval, feature descriptors are calculated using scaled areas
around interest points and are utilized to find a correspondence between the points in one

image and another. For this purpose, a few properties are desirable:

Perceptually Uniform: Things which “look the same” to a human observer should be near

by, while things which “look different” should be far apart.

Robust: Small changes in the following should have little effect:

Contrast

Intensity

Color

Resolution

Ideally, small location and perspective changes should also have little effect.

Distinctive: Different areas have different descriptors.

Perceptual Uniformity is a term borrowed from color theory, which describes the property
that a change in a component value is approximately equally perceptible across the range
of that value. In layman’s terms, this means that things which “look the same” to a human
observer should be near by, while things which “look different” should be far apart.

This is difficult to achieve, and often feature descriptors are compared using Euclidean
distance even though the space in which they live is not truly perceptually uniform, with

potentially unwelcome effects. In a sense, perceptual uniformity helps to avoid the effects
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caused by breaking the triangle inequality. If distance in the space is calculated by using a

distance function d, then for feature descriptors A, B, and C

d(A,C) < d(A, B) + d(B, C) (A3)

If this were not to hold, then it would be possible for A and C to be considered alike but not
equally different from B, creating serious problems for comparison.

A robust feature descriptor computed for a patch will be the same even if the patch un-
dergoes certain transformations. The image which is “seen” by a camera and then read by a
digital computer is dependent upon a large range of variables, not just those of the lens but
also lighting conditions in the environment and the encoding method used, among others.
A feature descriptor which exhibits large changes for these conditions is thus not useful for
matching between scenes represented in different images. The way to achieve this robust-
ness is to utilize interest points in computing the descriptor as opposed to the raw image
data. Of particular use is the edge-map of an image, which is robust to changes in contrast,
color and intensity. Also, the relative locations of other interest points to the reference point
of the descriptor are often used.

In order for a feature descriptor to be distinctive, it must be possible for the space in which
it lives to be populated uniformly by descriptors computed from different patches. To say
it differently, if you chose a random number of image regions and computed the descriptor
over those, they would be uniformly distributed over the descriptor space. This property is

difficult to achieve, with the usual recourse being to use a large dimensional descriptor.
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Figure A.8: Patch Problems. The values in the histograms are from a lower resolution ver-
sion of the patches shown, but otherwise are the same intensity values. The histogram is
formed by recording the values of each pixel in the patch in row column order. Notice how
even small changes in the values of the exact same patch result in completely different pixel
values, and thus very low cross-correlation scores.

A.3.1 Zero Normalized Patches

The simplest way to describe an area of an image is to store the intensity values as an array
of length N, where N number of pixels in a rectangular patch. It is then possible to compare

patches directly using cross-correlation against other patches to find a match.
1 ) )
CO(P1, Py) = > Pili] Pyli]. (A.4)

This method is not very robust to changes in image conditions, however, as can be seen in
Figure A.8. Brightness changes are essentially changes in the mean brightness value over
the patch. While the mean changes, the distribution of the intensity values around the mean
stays the same. Thus, by giving the intensity values a zero mean, they become immune to

brightness change.

p= e S Iy) (A5)
z,y
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Figure A.9: Zero-Normalized Cross Correlation. The values in the histograms are from a lower
resolution version of the patches shown, but otherwise are the same intensity values. The
histogram is formed by recording the values of each pixel in the patch in row column order,
and then transformed to have zero mean and unit variance. By doing this, we remove the
effects of the image transformations and receive the correct cross correlation scores.

However, the intensity values are still affected by contrast changes. Contrast is essentially
a change in the variance of the distribution of the intensity values around the mean. Thus,
to deal with contrast all that is required is to divide each value by the standard deviation of

the intensity value distribution.

1
2 _ 2
ot = xgy Z(x,y)

ZN(x,y) = Z(i’ y)

The resulting collection of zero-mean, unit variance intensity values is known as a zero-
normalized patch, and can be accurately matched using simple cross-correlation. The size
of the descriptor grows with the size of the patch and the number of color channels, and
thus can be quite big. Even so, it is a useful way to represent these areas, as can be seen in

Figure A.9.
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A.3.2 Filter Banks

The idea of simple image filters being used to describe images, as proposed by Malik and
Perona in [66], is motivated by the human vision system. They mention that there exist cells
in the eye known as “simple cells” which have receptive fields that are restricted to small
regions of space and are highly structured. The simple cell response field takes two forms:
oriented or non-oriented, and can be modeled using a two-dimensional filter, as can be seen
in Figure 2.5. This was applied to the problem of texture description by Leung and Malik
[63], who used the bank of simple filters depicted in Figure A.10. It consists of 8 Laplacian of
Gaussian filters and 4 Gaussian filters at different scales to provided non-oriented responses,
and 36 oriented filters at 6 different angles, 3 different scales, and 2 different phases. The two
phases of oriented filters are first and second derivatives of Gaussians on the minor axis and
elongated Gaussians on the major axis, and thus detect edges or bars respectively along their
major axes. The descriptor is simply the concatenated responses of all of the filters in the
filter bank at a pixel, and is particularly adept at richly encoding texture. Since filter banks
respond to basic image features such as blobs, edges, bars, and average brightness, they are
innately immune to most changes in an image, as can be seen in Figure A.11. This filter bank
is essentially a collection of approximations to Gabor wavelets, and are often referred to as
Gabor-like filters. To use wavelets directly, an ideal tool is the dual-tree complex wavelet

transform [57] which has been used successfully to describe texture [40; 24].

A.3.3 Orientation Histograms

If you look at every edge in a patch of pixels, you will find that each has a distinct orien-
tation, or way that it is facing. If you look at all of these and weight them by the strength

of the edge, you get something that looks like the patch in Figure A.12. These can in turn
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Figure A.10: A Filter Bank. The Leung-Malik filter bank, built from simple-cell filters. There
are 18 bar filters, 18 edge filters, 4 Gaussian filters and 8 Laplacian of Gaussian filters. See
Section A.3.2 for details.
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Figure A.11: Filter Bank Responses. These vectors are formed by concatenating the responses

from the 48 filters in the Leung-Malik filter bank. Here are shown the responses for patches
with various transformations. Note the small change in the response values.
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A
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Figure A.12: Orientation Histograms. The edges at every pixel in a patch can be collected over
the gradient grid (a) into an orientation histogram (b), which represents how many edges
point in a particular orientation over the entire grid. The orientation values are interpolated
over the direction bins, and its magnitude dictates the amount which each edge contributes
to a bin.

be binned together into an orientation histogram. Since this histogram is built using edges,
which are robust to contrast and brightness changes and can be detected at different scales,
and also incorporates orientation data (thus adding robustness to orientation) this makes
them a very strong candidate for a descriptor.

Linear interpolation is used to help alleviate the effects of binning in histograms. Since
the angles of edges are continues and the bins of the orientation histogram discrete, we must
have a way of “spreading” the value of an edge between the two bins it falls between. We
do this by looking at the difference, dx, between a value = and the integer value just before

it, i. We distribute a value v which between the two bins i and j in the following way:

Oi:Oi—F(l—dl’)XU

OjZOj—i-d:L'XU

This results in a more accurate and stable histogram sampling.
The direction of the edge will always be the same regardless of the strength of the edge.

Thus, edges which are detectable always end up in the same bins. In order to deal with
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Figure A.13: Orientation Histograms Responses. Shown here are orientation histograms with
36 directional bins for various image patches. The edge values are interpolated over the bins
and the histograms are normalized to add stability to the final vector. Note the stability of
the descriptor over these transformations.

Figure A.14: The SIFT Descriptor. The SIFT descriptor is a weighted, interpolated grid of
orientation histograms.

changes in edge intensity, the descriptor is normalized. This provides a very stable descrip-

tor, as can be seen in Figure A.13.

A34 SIFT

SIFT stands for Scale-Invariant Feature Transform, developed by Lowe [65]. It uses a col-
lection of orientation histograms to create a robust and descriptive representation of a patch.
This N x N patch is extracted at the scale of the interest point. Thus, while the patch size
never changes the area of the actual image it represents changes depending on scale.

The N x N patch is split into c cells, and within each cell the intensity gradient at every
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pixel is calculated and the directions binned into a histogram weighted by their magnitude
and a Gaussian window with a o of .5 times the scale of the feature centered on the patch.
This weights the inner pixels (those closer to the interest point) to avoid possible occlusion
problems. A representation of this can be seen in Figure A.14.

If the bins are centered on d directions in each of c cells, the resulting descriptor is a
d x c vector. By dividing the patch into cells, a particular gradient can move around to some
degree within the descriptor window and still contribute to the same directional histogram.
Once the d x ¢ vector has been extracted, it is normalized to provide invariance to gradient
magnitude change. One final step is performed to help minimize the effects of non-affine
lighting changes by thresholding all values in the unit vector to .2 and then renormalizing.

To provide a smoother transition when a gradient moves from one histogram to the
next, however, bi-linear interpolation is used to spread its contribution to the nearest cells.
Once within the cell, linear interpolation is used to distribute the value to the bins in the

orientation histogram.

A.4 Conclusion

While this appendix has covered many different foundational concepts in image processing
and computer vision, there is a wealth of information both expanding on these concepts and
on others tangental to the research in this thesis but vital for other areas of the field. Cipolla
and Giblin provide an excellent introduction to structure from motion and tracking in [19],
which uses the interest points and descriptors in this appendix to recover 3D geometry from
image sequences, specifically contour. The seminal book on the subject is arguably that of
David Marr [68], which revolutionized the field and laid the foundation for many of the
advances that were to follow. A good comprehensive guide to the field is provided by

Forsyth and Ponce in [34], and can provide a good branching off point into various sub-
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specialties.
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APPENDIX B

DATASETS

Due to the nature of the problem at hand, specifically the segmentation of images into se-
mantically consistent regions, the data requirement is particularly precise. There are very
few datasets currently available which provide such a segmentation. Encouragingly, there
has been a growth in the voluntary semantic labeling of images on the internet through such
sites as LabelMe [55], innovative games such as Peekaboom [105] in which human computa-
tion is harnessed for the labeling of images, and the growth of the new segmentation portion
for the Pascal Visual Object Challenge [28]. We have used one standard dataset, that being
the MSRC21 object recognition and segmentation database introduced in by Shotton et al.
[92], and one newly adapted dataset. The Spatial Envelope dataset was first introduced by
Oliva and Torralba in [76] for use in scene recognition. We refer to it as the “scenes” dataset,
and is a good dataset for categorization. In the time since it was made available, it has been
added to LabelMe. As we wanted to use it to compare categorization performance and for
segmentation, we have written a tool for creating ground truth label images based upon
LabelMe annotations, doing automatic translations of synonyms into equivalency classes,

of which the most common word is chosen.
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Label Training # Validation # Test#
0. void 271 58 253
1. building 68 16 69
2. grass 95 27 91
3. tree 70 11 53
4. cow 23 3 19
5. sheep 15 4 16
6. sky 75 15 68
7. airplane 14 3 13
8. water 36 6 33
9. face 27 6 27
10. car 22 3 19
11. bicycle 15 3 14
12. flower 17 3 15
13. sign 15 3 13
14. bird 18 3 17
15. book 17 3 15
16. chair 14 3 13
17. road 70 17 64
18. cat 11 3 10
19. dog 14 3 13
20. body 31 7 30
21. boat 15 3 15
Total 276 59 256

Table B.1: MSRC21 Image Counts There are 591 images total, almost all images have more
than one category present. Counts are of images in the training, validation, or test set which
contain pixels with the row’s label.
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Label Training # Validation # Test #
0. void 29.64% 26.16% 27.46%
1. building 7.59% 7.71% 7.51%
2. grass 13.38% 18.60% 14.38%
3. tree 6.39% 7.16% 6.08%
4. cow 2.24% 1.02% 2.10%
5. sheep 1.54% 1.59% 1.67%
6. sky 6.70% 6.01% 7.11%
7. aeroplane 1.11% 0.92% 0.92%
8. water 5.84% 3.27% 5.67%
9. face 1.27% 1.05% 1.28%
10. car 2.29% 2.14% 2.47%
11. bicycle 1.96% 2.05% 1.80%
12. flower 1.83% 2.34% 2.57%
13. sign 1.34% 1.59% 2.20%
14. bird 1.02% 0.51% 0.94%
15. book 3.71% 3.87% 3.85%
16. chair 1.22% 1.37% 1.42%
17. road 6.55% 7.04% 5.91%
18. cat 1.23% 1.21% 1.01%
19. dog 1.05% 1.15% 1.51%
20. body 1.62% 2.02% 1.41%
21. boat 0.47% 1.22% 0.74%
Pixel Total 19242560 4125120 17812160

Table B.2: MSRC21 Pixel Percentages Percentages are out of the total pixel counts in the bot-

tom row.
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Figure B.1: Sample MSRC21 Images and Ground Truth.
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Label Training # Validation # Test #
0. void 486 45 2199
1. water 157 9 511
2. sky 422 41 1879
3. mountain 179 14 850
4. tree 234 22 1085
5. grass 100 6 150
6. road 181 23 691
7. sidewalk 100 16 358
8. building 227 25 1041
9. rock 100 5 169
10. snow 31 3 35
11. sand 95 3 99
12. plant 100 8 281
13. car 131 19 515
14. sign 100 10 236
15. person 100 13 238
Total 486 45 2202

Table B.3: Scenes Image Counts. There are 2742 images total, almost all images have more
than one category present. Counts are of images in the training, validation, or test set which
contain pixels with the row’s label.

B.1 MSRC21 Dataset

The MSRC21 dataset was first used in [92], and consists of 591 ground-truth labeled images
consisting of 21 categories + a void /background category. The names of the categories and
image counts are in Table B.1 and percentages of total pixels per category are in Table B.2.

Sample images with their accompanying ground truth labeling are shown in Figure B.1.

B.2 Scenes Dataset

The Scenes database was acquired from the LabelMe website, after which it was automati-
cally processed by our conversion software. The large number of sometimes ambiguous or
contradictory labels given by the anonymous users were collapsed into the top occurring
words where possible using WordNet synonym sets [71]. Unrecognized words were then

manually mapped to the largest 18 labels or to an ignore label. The annotations were then
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Figure B.2: Sample Scenes Images and Ground Truth.
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B.2. Scenes Dataset

APPENDIX B. DATASETS

Label

Training # Validation #

Test #

. void

. water

. sky

. mountain
. tree

. grass

. road

. sidewalk
. building
9. rock

10. snow
11. sand
12. plant
13. car

14. sign

15. person

RO ION U1 W DN~ O

7.04 % 5.96 %
9.30 % 7.27 %
24.92 % 22.05 %
6.94 % 9.13 %
9.78 % 9.75 %
4.14 % 247 %
8.09 % 11.01 %
1.15% 1.20 %
17.85 % 21.65 %
1.79 % 1.02 %
1.07 % 1.54 %
4.05 % 1.84 %
2.12 % 241 %
1.25 % 2.10 %
0.29 % 0.31 %
0.23 % 0.29 %

9.42 %
6.25 %
24.79 %
12.83 %
10.82 %
1.43 %
6.82 %
0.83 %
21.27 %
0.79 %
0.29 %
1.13 %
1.90 %
1.16 %
0.15 %
0.13 %

Pixel Total

31850496 2949120

144310272

Table B.4: Scenes Pixel Percentages Percentages are out of the total pixel counts in the bottom

Trow.

combined to create ground truth images of the kind seen in Figure B.2. These ground truth

images were then used to create a balanced training/validation/test split, the counts and

percentages of which are shown in Figures B.3 and B.4.

In addition to the ground truth labels, each image has an additional scene label from the

dataset’s original use for image categorization. It is this additional label which is used for

categorization in Chapters 2 and 3.
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APPENDIX C

EXPLANATION OF ATTACHED CD-ROM

The accompanying CD-ROM contains a demonstration copy of the Palette Search software
and additional segmentations to those already presented in the text. This appendix describes
how to install the Palette Search software, and the layout of the folders containing various

segmentations.

C.1 Installing the Palette Search Demonstration Software

In the ‘paletteSearch” folder on the CD-ROM is found the executable ‘setup.exe’. The demo
runs on the Microsoft Windows(©) operation system, and requires the following support

software:
e Windows Installer 3.1 (or higher)
e .NET Framework 3.5 (or higher)

which must be obtained directly from Microsoft. If this software is present, then executing
‘setup.exe’ will install the demonstration software. The software is described sufficiently in
Chapter 7, but if any further help is needed a tutorial is included as part of the program.

Simply press the “Tutorial” button to begin.

151



C.2. MSRC21 Results APPENDIX C. EXPLANATION OF ATTACHED CD-ROM

C.2 MSRC21 Results

The MSRC21 segmentation results are located in the ‘msrc21” folder. We include three sets of
results, the raw STF semantic segmentations from Chapter 3 in subfolder ‘stf’, the full seman-
tic segmentations of Chapter 4 in folder ‘segmentation’, and the segmentation results from
Chapter 5 in folder ‘annotation’. The ground truth images are located in the ‘groundTruth’
folder, and the dataset images in the ‘images’ folder. Webpages for ease of viewing are

provided in the base directory, named in the same manner as the folders.

C.3 Scenes Results

The Scenes segmentation results are located in the ‘msrc21” folder. We include three sets of
results, the raw STF semantic segmentations from Chapter 3 in subfolder ‘stf’, the full seman-
tic segmentations of Chapter 4 in folder ‘segmentation’, and the segmentation results from
Chapter 5 in folder ‘annotation’. The ground truth images are located in the ‘groundTruth’
folder, and the dataset images in the ‘images’ folder. Webpages for ease of viewing are

provided in the base directory, named in the same manner as the folders.
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APPENDIX D

PUBLICATIONS

The author’s publications to date and how they relate to this thesis are as follows:

Cross Modal Disambiguation (with K. Barnard) [5]

Word Sense Disambiguation with Pictures (with K. Barnard) [4]

In this work, we used machine learning techniques from computational linguistics and com-
puter vision to leverage visual data for the task of word sense disambiguation in accompa-
nying text. Many words have several meanings, or are polysemous, and combinations of
polysemous words in a document can result in several conflicting interpretations of it. This
complicates the task of document categorization and tagging, and is a very difficult problem
to solve when the only source of information is the text itself. Accompanying photographs,
such as those for a newspaper article, can be used to disambiguate words in the document,
making this categorization task easier. This work began the author’s interest in understand-

ing the meaning of images, and in the linking of images to semantics.

Improved Image Annotation and Labeling Through Multi-Label Boosting [55]

This paper concentrated on using boosting techniques to improve existing multi-label im-
age annotation and labeling systems. The concentration here was on labeling areas of the
image with semantic tags and providing keyword annotations for the global image, much

as is shown here in Chapter 5.
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APPENDIX D. PUBLICATIONS

Semantic Photo Synthesis (with |. Shotton, G. Brostow, V. Kwatra)[53]

This paper introduced the concept of searching using semantic paint that was the basis of
the system in Chapter 7. That work also used a database of semantically labeled images and
performed spatial searches, though both systems were not as developed due to the concen-
tration on finding candidate images for synthesis of user queries. It was introduced in an
oral presentation at the Eurographics conference in Vienna in 2006 (reference above), and

was the subject of an invited talk at HVEI in 2007 [54].

Semantic Texton Forests (with |. Shotton)[91]

This is our most recent work, a digest version of Chapters 3 and 4. It was submitted and

accepted as an oral presentation to CVPR in 2008.
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