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Abstract

This thesis is a study of the probabilistic relationship between objects in an image and
image appearance. We give a hierarchical, probabilistic criterion for the Bayesian seg-
mentation of photographic images. We validate the segmentation against the Berkeley
Segmentation Data Set, where human subjects were asked to partition digital images into
segments each representing a ‘distinguished thing’. We show that there exists a strong
dependency between the hierarchical segmentation criterion, based on our assumptions
about the visual appearance of objects, and the distribution of ground truth data. That
is, if two pixels have similar visual properties then they will often have the same ground
truth state. Segmentation accuracy is quantified by measuring the information cross-
entropy between the ground truth probability distribution and an estimate obtained
from the segmentation. We consider the proposéd method for estimating joint ground
truth probability to be an important tool for future image analysis and visualization
work.
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Extended Abstract

Digital cameras are one of the most inexpensive and readily available automatic sensors
and the quantity of information they provide is enormous. This thesis is a study of the
probabilistic relationship between objects in an image and image appearance. We give a
hierarchical, probabilistic criterion for the Bayesian segmentation of photographic images
combining the visual cues of size, colour, luminance, and shape. In order to facilitate
object-based operations on images the segmentation should be as faithful as possible to
the organization of physical objects in the image. Therefore we validate the segmenta-
tion against the Berkeley Segmentation Data Set compiled by Martin, Tal, Fowlkes and
Mallows. Human subjects were asked to partition digital images into segments, each
representing a ‘distinguished thing’. We show that there exists a strong dependency be-
tween the hierarchical segmentation criterion, based on our assumptions about the visual
appearance of objects, and the distribution of ground truth data.

This is significant because it means an image segmentation can be used to predict
the distribution of ‘distinguished things’ in an image. Segmentation accuracy is quan-
tified by measuring the information cross-entropy between the ground truth probability
distribution and an estimate obtained from the segmentation. Other ground truth based
evaluation methods exist, however the benefit of our approach is that the cross-entropy
unit of measure relates directly to the conceptual computer vision application of ‘describ-
ing’ the spatial extent of a ground truth segment. If the segmentation matches closely to
the ‘distinguished things’ in the image then it will be particularly efficient for this task.
After training the system we obtain a compression rate of 2 per cent over a method that
disregards pixel correlations.

A concise and simple description of objects is important for the efficiency and ro-
bustness of computer vision applications. Moreover from an information theoretical
perspective a concise description demonstrates an accurate understanding of the under-
lying distribution, in this case, of objects in the scene. We consider the proposed method
for estimating joint ground truth probability to be an important tool for future image
analysis and visualization work.

iii
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Chapter 1

Introduction

Analogously to the way sight allows humans to perceive their environment, computer
vision is the automatic processing of digital imagery in order to acquire some information
about the physical world. Digital cameras are one of the most inexpensive and readily
available automatic sensors and the quantity of information they provide is enormous.

Sight empowers humans to perform many tasks which do not require higher thinking,
which are the type of tasks we commonly wish to automate. Therefore automatic vision
systems have widespread applicability in, for example, industrial automation. Yet even
after many years of research vision systems for high-level vision tasks such as object
recognition are very difficult to build. This is true because the appearance of objects
follows an extremely complicated physical process.

The key to reliable high-level vision processing is low-level processing able to sum-
marize and extract characteristic and robust features from the raw image data. In fact
basic feature detection algorithms such as Canny’s edge detector [15] to the more contem-
porary SIFT operator [37] are among computer vision’s most important developments.
Low-level processes also exist in the human visual system.

The focus of this thesis is a particular low-level vision technique called image seg-
mentation. Image segmentation refers to partitioning a digital image into segments
based on pixel information properties, such as colour and proximity. Segmentation is
commonly cited as one of the most important preliminary steps of a vision system be-
cause it summarizes a large number of pixels into a manageable number of segments,
and because segments have important compound information such as shape, texture,
and topology which are not available from the raw pixel data. The segmentation data

structure can benefit many image processing tasks, for example, graphics with adaptive



level-of-detail or systems for object recognition.

One particularly useful type of segmentation is the hierarchical segmentation [47]
which will be the focus of our work. A hierarchical segmentation is a nested partition of
image pixels. The recursive data structure can be visualized graphically as a tree. One
segment (the root) covers the entire image, which branches into increasingly smaller seg-
ments thereby embodying different levels of abstraction. The hierarchical segmentation
generalizes the partition segmentation, as we may always reproject a horizontal slice of
the hierarchy to obtain a proper partition of pixels. The hierarchical segmentation is
particularly useful for analysis and visualization of image data [59].

Figure 1.1: A digital photograph and two renderings of an image segmentation.

To put segmentation into context we may view it as a case of cluster analysis, or simply
clustering, on image data. Image segmentation is regarded as ‘unsupervised’ clustering
because classes are not known beforehand, and though it is not always interpreted this
way (see for example [73]), we apply the constraint that segments (clusters of pixels)
should be contiguous. Many of the principles discussed in this thesis also apply to other
clustering problems (such as hierarchical clustering).

There exists a large body of work on algorithms for computing image segmenta-
tions. There are two main strategic considerations in the design of a segmentation
algorithm [64]:

1. What is the precise criterion for a good partition? What function defined on a
segmentation increases (or in case of a logical criterion, becomes satisfied) with
increasing quality of the segmentation?

2. How do we compute the partition? In other words, what is the algorithm for
computing a partition which maximizes (satisfies) the criterion?



In this thesis we investigate Shi and Malik’s first question: What criterion produces
a good segmentation? Most generally, in order to facilitate object-based operations on
images, the segmentation should be as correct as possible to the organization of physical
objects in the image. The purpose of a segmentation criterion is to characterize the
visual statistics of distinct objects or other key organizational components of the scene.
How do we define a function on raw image data (pixel location and colour) that predicts
physical coherence? In other words, what is an object, and what do objects look like?

In Chapter 2, a review of several approaches to segmentation focuses a class called
‘variational criteria’. A variational criterion is a single function that scores the segmenta-
tion and normally combines several different measures of the quality of the segmentation.
Furthermore, some methods consider the appearance of an image to be the result of a
system of underlying random variables. A probabilistic segmentation criterion is specified
in the form of assumptions about the feature distribution objects, such as that the colour
signature of an object should be compact. In accordance with Bayes’ law we may solve
for the maximum likelihood segmentation, or if we also assume a prior probability, the
maximum a posteriori segmentation. We build on previous methods hierarchically
and argue that the hierarchy is more true to the organization of objects in nature than
other models currently used for image segmentation.

Ultimately a segmentation algorithm is only as good as the assumptions made by the
criterion about what objects look like. Yet, the segmentation criterion is a function on
image appearance only, and not of the physical scene. Without an explicit definition of
‘objects’ to evaluate against we cannot make a quantitative statement about how correct
any of the hundreds of published segmentation algorithms actually are. The majority of
proposed segmentation methods have failed to explicitly address this issue resulting in
a lack of rigourous evaluation methodologies in the area. Unnikrishnan, Pantofaru and
Hebert [71] observe: “Typically, the effectiveness of a new algorithm is demonstrated
only by the presentation of a few segmented images and is otherwise left to subjective
evaluation by the reader. Little effort has been spent on the design of perceptually correct
measures to compare an automatic segmentation of an image to a set of hand-segmented
examples of the same image”. Jiang, Marti, Iniger and Bunke [31] echo: “... segmentation
performance evaluation remains subjective. Typically, results on a few images are shown
and the authors argue why they look good. The readers frequently do not know whether
the results have been opportunistically selected or are typical examples, and how well
the demonstrated performance extrapolates to larger sets of images.”

The primary contribution of this thesis is a method for evaluating the segmentation



against a separate ‘ground truth’ data set. We test against the Berkeley Segmentation
Data Set (BSDS) presented by Martin, Fowlkes, Tal and Malik [44]. In the Berkeley
Segmentation Data Set, human subjects have been shown digital images and asked to:

“Divide each image into pieces, where each piece represents a distinguished
thing in the image. It is important that all of the pieces have approximately
equal importance. The number of things in each image is up to you. Some-
thing between 2 and 20 should be reasonable for any of our images”

Inspecting the ground truth data, one immediate observation is that each subject seg-
ments an image differently. Martin et al. observe that “even if two observers have exactly
the same perceptual organization of an image, they may choose to segment at varying
levels of granularity”. Even when the subjects agree on the position, scale and relative
importance of objects in the image, the boundary between the same two objects, when
juxtaposed, can differ by many pixels in different hand segmentations.

This inspection illustrates why ground truth evaluation of image segmentation is diffi-
cult: there does not exist a single ‘correct’ segmentation for natural scenes. For example,
we cannot state definitively whether some pair of image pixels belong to the same distin-
guished thing. Subjects will eventually disagree. But considering this probabilistically,
we may at least say that for any pair of image pixels there is a certain probability that
the subject will group them together, rather than into different segments.

In an image segmentation we group pixels according to their visual properties, so that
pixels in each segment are more visually ‘alike’ than pixels in different segments. We
hypothesize that the ground truth state of pixels will also exhibit this grouping property,
where the ground truth state of a pixel may be either ‘inside’ or ‘outside’. Empirical
sampling shows a strong correlation between the visual statistics, as computed by the
proposed segmentation algorithm, and the ground truth data. If a segment contains
some ground truth pixels, that they will appear disproportionately in one subsegment or
another. This demonstrates that just as pixels within any segment appear ‘alike’, pixels
within a segment tend to be jointly ‘inside’ or ‘outside’ a ground truth segment. To put
it simply, if a group pixels have similar visual properties then they will often have the
same ground truth state.

This is significant because it means we can use a segmentation to predict the distri-
bution of ‘distinguished things’ in an image. To quantify the accuracy of the prediction
we measure the information cross-entropy of the estimate with respect to the ground

truth distribution. Information entropy is a measure of disorder or uncertainty in a



probabilistic system. In communication theory, information entropy gives the fundamen-
tal limit to the efficiency with which one can exactly specify the state of a probabilistic
system. Higher efficiency can be achieved by using shorter messages for more probable
states or events. In fact, the optimal message length in a hypothetical optimal language
of b symbols is given by the negative logarithm base b of the probability of occurrence [62].
The cross-entropy
H(p,g) = 3" plz) logy ().
- q(x)

gives the average description length of a state z which occurs with probability p(z),
but for which we have computed an optimal language based on our estimate ¢(z). For
instance a logarithm base two gives the description length in bits.

Other measures exist for computing discrepancy between segmentations (i.e., be-
tween hand-labeled and computer-generated segmentations), however the benefit of cross-
entropy is that the unit of measure relates directly to a conceptual computer vision appli-
cation. Suppose there is a communications channel between a server and a client, which
both have a copy of an image and its segmentation. Now, suppose the server wishes to
label or identify a subset of pixels which represent a ‘distinguished thing’. The client is
able to specify the ground truth state of pixels more efficiently because correlated pixels
have been grouped together. The more closely the segmentation hierarchy matches the
ground truth data the more efficient it will be for this task. After optimization our hier-
archical model is able to describe ground truth segments with roughly 2 per cent of the
description length used in a scheme which disregards pixel groupings.

1.1 Contributions

The primary contribution of this thesis is a method for evaluating the segmentation
against a separate ‘ground truth’ data set. We do this by considering the data set to be,
and by estimating, a ground truth probability distribution. This is the joint distribution
of pixel ground truth state for a single ground truth segment. The error of the estimate
is given by the cross-entropy between it and the actual ground truth. The result is
an evaluation procedure that is task-based (allowing clear interpretation of the results)
and general (allowing to compare results laterally across experimental conditions, even
different models).

We give a hierarchical, probabilistic model for the visual appearance of an image.
Our intent is to generalize existing models into a form more suitable for the type of



images in the BSDS (see Figures 6.4-6.7). We argue that the hierarchical dependency
structure is better suited for general photography (at least, the images in the BSDS
database) than existing probabilistic models. We define a segmentation criterion in and
implement the region merging segmentation algorithm. We are not aware of any other
work using a region merging algorithm to solve for a completely hierarchical, coordinate
independent, generative model of image appearance. Our use of the beta distribution to
model segment size is unique.

We give a hierarchical, probabilistic model for the ground truth state of image pixels.
This model is based on a novel approximation for the expected number of ground truth
pixels in subsegments, given the number of ground truth pixels in a segment.

We give an efficient algorithm, the segment description algorithm, for computing the
segmentation error. Let K be the number of ground truth segments and let N be the
number of image pixels. The complexity of the segment description algorithm is O(K'N),
where the complexity of other error measures can be O(N?) [72] or O(N*) [41].

In the experimentation portion of this thesis we explore the real-valued, multi-dimensional
space of the parameters of the criterion using an evolutionary optimization method. The
optimization system automatically adjusts the parameters of the criterion for best results.

A computer program was developed using the optimized segmentation criterion for the
conversion of bitmap images into SVG format vector graphics. This program generates
coloured polygons that are expected to be correct with respect to the objects in the
image, not just the image appearance. A novel method was also developed for encoding
and interactively adjusting the level of detail based on the hierarchy of segments.

A computer program was developed using the optimized segmentation criterion for
the separation of the subject from the background of an image. The user labels fore-
ground pixels by selecting image segments in a coarse-to-fine strategy. The application
effectively demonstrates the segment description paradigm used for evaluation: the bet-
ter the algorithm is for segmenting the image into subject and background, the fewer
selections will have to be made by the user.

1.2 Summary

In Chapter 2 we review the current state of the art of variational and probabilistic
segmentation criteria. The probabilistic graphical models of image formation reviewed
in this chapter will provide a grammar for discussing segmentation criteria as well as the

proposed probabilistic model for ground truth.



In Chapter 3 we propose a segmentation criterion based on a hierarchical model. This
criterion combines the visual cues of size, colour, luminance and shape. We also give a
greedy algorithm for computing a segmentation.

In Chapter 4 we review existing methods for the evaluation of image segmentations.
Various methods for computing the discrepancy between a segmentation and a ground
truth or peer segmentation are given in Section 4.2.

Section 5.1 motivates an information theoretic, ground truth based evaluation. This
method is based on the ground truth probability distribution: the distribution of set of
human-delineated ground truth segments. Section 5.2 gives a formula for estimating this
distribution based on the hierarchical image segmentation. An efficient algorithm for
computing the discrepancy between the estimate and the ground truth segments in the
data set is given in Section 5.3.

Parameters of the model are optimized experimentally in Chapter 6. Two applications
of the optimized segmentation algorithm are given in Chapter 7. Conclusions and future
work are discussed in Chapter 8.



Chapter 2

Probabilistic Graphical Models in

Image Segmentation

2.1 Variational and Probabilistic Segmentation Cri-

teria

The segmentation criterion of an algorithm is any measurement that is made to ‘score’ a
segmentation. Criteria often combine different measures. Ward’s criterion [74] defines a
merging predicate which reflects the increase in the sum of squared error which would be
introduced by a merge of segments. Texture [17, 20] and colour distributions [41] can also
be measured. Van Droogenbroeck and Talbot [20] employ a criterion based on texture,
mean difference and size cues. Xuan, Adali and Wang [77] combine the influences of
colour, size and connectivity, multiplicatively. Factors may also change at different times
over the computation [10, 77]. Brox, Farin and deWith [14] employ three different criteria
in different stages: Ward, a combination of Ward and mean difference, and the mean
squared difference in pixel intensities along the border. Shu, Bilodeau and Cheriet [65]
also employ three stages of criteria: a combination of the Fisher criterion and common
boundary length, a combination of segment size and common boundary length, and then
common boundary length and segment size in turn. Luo and Guo [38] combine the cues
of area, compactness, convexity, colour variance, colour mean, contour continuity and
edge strength.

If the cost function, especially a multi-term one, can be expressed as a single ex-
pression we can call the method variational. A variational criterion is easier to study

compared to, for example, a multi-stage algorithm.
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The Mumford-Shah functional [49, 48] represents an attempt at a unifying, vari-
ational criterion. The score (or ‘energy’, which decreases with score) of a segmentation
is

Ex(Y)=w > (Yi=X)’+w Y V- VY +wB(Y), (2.1.1)
The first term sums the squared error between the grey level of pixel X; and the grey
level predicted by the segmentation Y;. The second term scores smoothness of the
estimate (in case of a piecewise-smooth model), and the last term computes the total
length of segment boundaries. Thus, the visual error of the segmentation is weighed,
parametrically, against its complexity.

The criterion can also be a probability. In a probabilistic criterion the real world
and the imaging process are modeled as the result of an underlying statistical process.
In this case a high segmentation score means the segmentation is estimated to be, with
high probability, the underlying source of the observed image.

In a probabilistic method developed by Geman and Geman [26], computing the seg-
mentation means computing the maximum a posteriori (MAP) estimate of the underlying
segmentation Y, that is, the true segmentation. Calculation of the MAP estimate

m&xP (Y|X) = m‘z}xP (X]Y) P (Y) (2.1.2)
applies Bayes’ theorem v
puxir) = 22O o1

As with the Mumford-Shah functional the complexity of the segmentation P(Y) (the
prior distribution) is scored against the fidelity to the image P(X|Y) (the posterior
distribution). In other words, we make assumptions about P(Y) and P(X|Y) and work
backwards from the observed image X to obtain the most probable segmentation Y.
LeClerc [36] also presented a Bayesian approach but chose to specify the source image
in terms of a descriptive language. In this method the location and mean colour of each
segment must be described, followed by the segment boundaries using an edge-chain
language, followed by the residual errors of individual pixels. The best segmentation of
the image is the one having the simplest description, or minimum description length.
Given a probability P(Y), the theoretically optimal length of a description of a ran-

log (ﬁ%) : (2.1.4)

dom state Y is given by
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More likely object appearances are given shorter description lengths for maximal total
description efficiency. But,

arg max P(Y) = arg m}}n log (1—3%/—5> (2.1.5)

“Thus, we see that, by choosing optimal description languages for given
prior probabilities, the MDL strategy is equivalent to the MAP strategy.
Conversely, if one assumes the prior probabilities implicitly specified by the
given descriptive languages, the MAP strategy is equivalent to the MDL
strategy. The choice of strategies depends on whether it is easier or more
natural to specify a descriptive language directly or specify prior probabil-
ities [...] Thus, to model a piecewise constant original image, MAP would
specify the appropriate probabilities of each pixel having the same colour as
each of its neighbours. Equivalently the length of the description via MDL
would measure the length of all boundaries and add the number of segments
induced” [36]

Morel and Solimini [48] demonstrated that many existing segmentation criteria in-
cluding MDL, Ward’s criterion and the normalized cut [64] criterion could be expressed
in terms of the same variational criterion, and argued the most general of which is
the Mumford-Shah criterion. Similarly, Zhu and Yuille [81] presented a generalization of
Bayesian and MDL approaches as well as other methods. These two reports demonstrate
that many existing segmentation criteria may be generalized into a single variational cri-
terion.

2.2 Models of Image Formation

The MAP and MDL methods reviewed in Section 2.1 may be called probabilistic crite-
ria. A probabilistic criterion proposes a model, a system of variables and dependencies,
underlying the generation of an image. A graph of a probabilistic model can be drawn
where small circles indicate random variables of a system and (possibly directed) edges
indicate dependencies. Various types of probabilistic graphical models are shown in
Figure 2.2. Observable variables (coloured in grey) are associated with each pixel, the
value of the variable being the colour of the pixel. Hidden variables (coloured in white)
represent the state of objects in the scene as well as noise incurred during imaging.
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By accurately modeling the probability distribution of observable variables, we may
solve for the maximum a posterior: value for interior nodes. Accurate modeling of the
organization of dependencies in a system is of paramount importance.

Two ‘probabilistic organizations’ have prevailed in probabilistic segmentation criteria.

Under the piecewise smooth model (Figure 2.1(a)), the value of a pixel depends
primarily on its immediate neighbours. A pixel in row ¢ and column j is represented by
a random variable X;;. A pixel may differ from the unknown ‘true’ appearance at that
location Y;; due to noise or damage, but the unknown variables are known to be smooth
with respect to their neighbours. Various neighbourhood structures can be used however
a grid-like Markov random field closely matches the format of a bitmap image. Some
methods [26, 49] augment the structure to model discontinuities in the underlying image
with boundary variables, which tend to continue and in straight lines. Local smoothness
among adjacent pixels is enforced by dependencies between pixel variables which state
that with high likelihood, pixel values are similar to their neighbours, except for when
the boundary variable between them is active. This model applies when boundaries are
not required to be closed, for example, in edge detection.

Under the piecewise constant model (Figure 2.1(b)), the value of a pixel X;; de-
pends on its segment Y;, regardless of local proximity within that group. This model
assumes that all data can be partitioned into M groups Y;. The distribution of all N;
pixels in segment ¢ is parameterized by Y;, explaining why pixels within a segment are
more ‘alike’ then pixels in different segments. The analytical benefit to this and other
‘mixture’ models is that the distribution of all data may be decomposed into a set of less
complex distributions that are much easier to analyze and estimate.

Unlike the Markov random field, the Bayesian network representing the piecewise
constant model is directed. We may think of this model as a top-down selection process
for generating data. In Figure 2.1(b), Y; variables are selected from the distribution
P(Y'), one for each segment. Next, pixels X;; take values from P(X|Y), thus, they are
independent from pixels outside their segment. LeClerc demonstrates the use of this
assumption ([36], Section 5). He models the images as a set of piecewise constant regions
with additive white noise of known variance. In fact, if noise is assumed Gaussian, then
this can be considered a mixture of Gaussians.

We propose to use a hierarchical model that generalizes the mixture model to
multiple levels. In the hierarchical generative model, groups of a mixture model are re-
cursively subdivided into smaller mixtures. We may compute a hierarchical segmentation
from a hierarchical model by taking a segment for each interior variable.
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Figure 2.1: Probabilistic graphical models of image formation. Nodes indicate random
variables and arcs indicate statistical dependence. Pixel colours are measured as the
value of grey nodes. White nodes are hidden. In the piecewise smooth model, pixel X;
is close in colour to Y;;, which is close in colour to its neighbours (Figure 2.1(a)). In the
piecewise constant model a pixel may belong to a finite number of classes. Given class ¥,
the appearance of pixel X;; follows a (possibly Gaussian) distribution. The rectangular
container is a ‘plate’ which indicates replication according to the subscript. (Figure
2.1(b)). By stacking several mixture models we obtain a hierarchical segmentation able
to reflect the compositional structure of natural objects (Figure 2.1(d))
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The proposed hierarchical model is a top-down, generative model of image formation.
We observe pixels which are a set of random variables {X;, X5,...,Xy}. The model
also contains hidden variables Y = {¥1,Y5,...,Yar}. Dependencies follow a connected,
directed tree graph where leaves represent pixels variables and internal branching nodes
represent hidden variables (Figure 2.1(c)). In the present work we also assume a hidden
variable has exactly two ‘children’, which can be pixel variables or other hidden variables.
The set of pixels descendent from internal variable Y forms an image segment.

In the hierarchical model,

M
P(X1, X2, X5, Y1, Y2, ..., Yir) = P(Yyor) | [ P(Children(Yy)|Y)). (2.2.1)
i=0

To illustrate, the approach considers the creation of an image as a top-down selection
process on a tree of objects. A root object has appearance Y;,,; with probability P(Y;e)-
Objects S are then recursively divided into subobjects having appearance L and R with
probability P(L, R|S). That is, the states of child segments R and L are chosen randomly
based on the state of the parent segment S.

The mixture function P(Children(Y;)|Y;) explains the observation that pixels can be
subdivided into groups of ‘alike’ pixels, at all levels of scale. That is, the hierarchical
model is able to relax the constraint of a partition model that data either related (if they
are in the same segment) or unrelated (in different segments). In Figure 2.1(c), pixels
X, and X, are more closely related statistically than pixels X; and X3. This model
arises from two simple observations which we may make about objects in natural images.
First, objects exist in different scales in a scene. The statement that a car headlight is an
object is no less valid than the statement that a car is an object. Large-scale objects are
commonly compositions of small-scale objects. A car is a good example of an object that
is composed of many smaller objects. The multi-level segmentation allows to directly
represent the multi-level nature of objects. Second, the transition between two objects
may be gradual, in which case it is impossible to divide the objects exactly. While the
piecewise-smooth model can model gradual changes, and the hierarchical model cannot,
the hierarchical model can still model the composition relationships above and below a
gradual change. That is, it can capture spatial non-uniformity to a certain extent.

Martin et al. [44] observe about their own data “one can think of a human’s perceptual
organization as imposing a hierarchical tree structure on the image.” Unlike the piecewise
constant model, the hierarchical model allows pixels to be statistically dependent to
various degrees. Compared to the piecewise smooth model the internal tree structure
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of the hierarchical model offers a better internal structure for object-based visualization
and analysis of the image.

Hierarchical models exist in multiscale image analysis (See Choi and Baraniuk [17],
Vincken, Koster and Viergever [73]) and scene understanding (See Parikh and Chen [53])
but have received less attention in hierarchical image segmentation. Recents develop-
ments in mutual information based clustering have involved hierarchical models [33, 2].



Chapter 3

A Hierarchical Image Segmentation
Algorithm

3.1 A Hierarchical Segmentation Criterion

We propose a probabilistic segmentation criterion based on the hierarchical model (Figure
2.1(c)). Let segmentation S be a set of three-tuples of segments {5, L, R}, such that R and
L are the left and right children of S in a hierarchical model. Let X := {X;},1<¢ < N
be the ‘leaf’ variables and let Y := {Y;},1 < ¢ < M be the latent variables. Let S be
the space of visual feature measurements of an image segments. There are four visual
properties of an image segment we wish to model: size, colour, luminance and shape.
Therefore there are four random elements for any segment Y

Y ={Y, Y Y (3.1.1)

size? © colour? © luminance’ Yshape} "

Let segmentation S be a set of three-tuples of segments {5, L, R}, such that R and L
are the left and right children of S in a hierarchical model. Let us define a distribution

¢:S$3,0—-R
for the conditional distribution of child segments on a parent segment. That is,

q(S, L, R, Q)
is an estimate of (3.1.2)
P(L, R|S).

15
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Also, let © be a random variable in Q, the space of fixed parameters of the system.
Therefore,

PY) [ a(S,L,R Q)

{S,L,R}eS
is an estimate of
-P¥) [I PERIS)
{S,L,R}€S
= P()/(b )/la ey Y‘naXO)Xl: 7Xn)

(3.1.3)

where P(Y)) is the prior on the root segment which we take to be constant.
Distribution q is also defined in four parts:

q(S, L’ R) Q) = qsize(S’ L’ R’ wsize)
X qcolour (S7 L7 R’ wcolour)

X qluminance(s? L7 R7 wluminance)
X Quape (S L, Ry w

This distribution is defined in the following sections based on what we know about

(3.1.4)

shape)

objects, or at least, desirable segments. A higher value indicates a ‘more probable’
appearance segment. The general approach is that subsegments, or parts, of objects
tend to have similar visual qualities. We measure a segment’s size S

size?

its mean colour
its mean luminance L* S,

luminance?

K1,k i
on the a*b* colour axis S_, .,
S

shape*

and its boundary length
Variable S;;,. refers to the number of pixels in the segment. In this implementation
of the hierarchical model we assume a segment has exactly two child segments, unless
the segment has only one pixel, in which case it is a leaf.

We hypothesize that if ¢ is a good estimate of the appearance of real world objects
then the computed segmentation will be also be close in structure to hierarchical objects
in the real world.

3.1.1 A Hierarchical Model for Segment Size

The size of a segment is an important indicator of its visual importance in the scene. If a
segment is divided into two subsegments of equal importance, then we may expect that
they will have roughly the same size. In their database of human delineated segments,
Martin et al [44] observe an exponential fall-off in the frequency of larger segments. They
fit a curve of the form

y = Az® (3.1.5)
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where o« = —1.008 and z is region area. However, this formula does not produce the
desired behaviour when conditioned on exactly two subsegments. This curve is strictly
decreasing for o < 0, constant at @ = 0, and strictly increasing at @ > 0 and cannot
account for a curve that is modal at z = %@

We suggest instead to fit a beta distribution over the relative sizes of L and R:

1
B(z,a,0) = =———a* (1 — z)P! 3.1.6
(@0,8) = gragye (1= 2) (316
which is the distribution of the (a+1)th highest value of a+ 8+ 1 samples of the uniform
distribution over [0, 1] and B(a, ) is the normalizing beta function.

Giventhat L. _ + R. =S

size size size?

we model the probability density or relative segment
size size using the Beta distribution (Figure 3.1)

L. Weige 1 R Wige 1
qsize(S7 R7 L’ wsize) =c (%) (ﬁ‘) ) (3.1.7)

size size
where ¢ is a constant. For

wsizeza:/ﬁ’

Lsize _ Q _1
E(S )_a+6“2'

size

the expected value will be at

Also, for

wsize == /6 > 107
the distribution will be modal at
1

5

L. R

size size __

S, S

The multidimensional generalization of the beta distribution is the Dirichlet distri-
bution. The Dirichlet distribution has been used previously as a size prior in mixture
models [12, 67]. It has not yet been shown whether the size of BSDS ground truth

segments follow a Dirichlet distribution. Our observations would support this, since the
marginal of a Dirichlet down to a single variable is the beta distribution.

3.1.2 A Hierarchical Model for Segment Mean Luminance

We expect that the luminance values for pixels within a segment to be ‘alike’. Therefore,
we model the difference between a the mean luminance of a parent S and child R as a
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y=B(x a,B)

Figure 3.1: The beta distribution as the distribution of R given S, _.
y=ae 50 | |O
0 x=Ruminance
Figure 3.2: The Gaussian distribution. The distribution of R, ... given S,__. . =50
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Gaussian-distributed vector =

Glz,p,0) = \/éir_a.iexp <_(,u_2;2&_cﬁ> (3.1.8)

centered at S, _,.. . (Figure 3.2).

For children L and R of S,

S,L,Rw

luminance)

S,
— snze size . 2
- G (Lluminance7 Slumma.nce’ L 7w ) G ( ummance’ Slummance’ R wL
L,

qluminance(

size size

2 2
=c eXp ( (Lluminance SSIummance) size ) eXp ( (Rlummance ——SSlummnnce) Rsize )

(3.1.9)

where c is a constant.
We have decided to scale the variance according to segment size after observing that
small segments with outlying values contributed too much to the merge score.

3.1.3 A Hierarchical Model for Segment Mean Colour

The derivation of colour is the same as that for luminance, except that S is the mean

colour

in the a*b* colour axes, rather than the L* axis, and a different parameter is used.
For children L and R of S,

qluminance (Sﬂ L7 R)w

colour )

S,
— slze size , 2
- G (Lcolour’ co]our’ w ) G ( ‘colour ? colour’ R w
snze size
L

Lo = Seotons)’ R. -8 R
— CeXp (( colour S colour) sxze) exp (( ‘colour S colour) mze) .

(3.1.10)

3.1.4 A Descriptive Language for Segment Perimeter

In the case of of segment shape, we assume that objects tend to be spatially compact.
The shape term of the criterion increases with segment perimeter, thereby biasing convex
shapes.

Instead of a probability we define the shape criterion in terms of a proper description
language. Following the method of LeClerc [36], we describe the shape of subsegments
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by first addressing a single pixel, from which a chain-code begins that traces a path until
a partition is made. Let B(S) is the boundary length of segment .S, or more precisely,
it is the length of the message required to describe the boundary of S using a language
with b symbols. Also let C be the length required to address the first element of the
chain. The the description length of a subdivision is given by

C+ 571~CB(R, L)

2log(®) (3.1.11)
= O + 2w3hape(Rshape + Lshape - Sshape)
where CB(R, L) is the length of common boundary between the two.
Let us assume the prior
— log(‘P(Sshape)) = C + 2wshapesshape- (3.1.12)
Therefore, the size term of the criterion is
- log (qshape(S? R7 L7 wshape)) = C + Wshape (Rshape + Lshape + Ssha.pe) (31‘13)

3.2 Computing the Segmentation

We solve for the segmentation hierarchy with the region merging algorithm [41]. The
standard implementation begins with each pixel in its own segment and iteratively merges
neighbouring segments until only one segment remains. Each iteration performs the
merge which achieves stepwise optimization of the criterion [8]. For this reason the
segmentation criterion is sometimes called the merging criterion. In the context of the
proposed model each iteration adds a segment to the model that is most probable given
the existing segments. Segmentation S (Algorithm 1 defines a ‘forest’ of hierarchical
models until the final merge completes the tree structure (Figure 3.3). This algorithm
is greedy and is not guaranteed to find the optimal segmentation. We employ region
merging because it is straightforward, tractable, allows diverse segmentation criteria to
be used interchangeably, and because it implicitly builds a hierarchical segmentation. It
also allows a probabilistic criterion: maximization of the criterion reflects the maximum
a posteriori estimate given the observed image, computed as follows:

max P(Yo, Y1, ., Yol Xo, X1, o, Xn) = max P(Y, Yi, o, Yo, Xo, X3, o, Xa) - (3:221)

where Y = {Yy, Y}, ..., Y.} are hidden variables and {Xy, X}, ..., X,,} are one-pixel ‘leaf’
variable initialized directly from the bitmap.
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Algorithm 1 (Region Merging Algorithm)

1. Initialize a segment X for each pizel in the image. Let GO be initially the set of all

segments and let segmentation S be empty. Initialize t = 0.

2. At each iteration, select segments R and L from G that are most likely to be siblings,
> 1208 3 2 QU
{R , L } = arg Rrgg}étq(s, L,R,Q) (3.2.2)

where
St = arg max q(S, Lt, RY) (3.2.3)

and merge them
G = Gtu s\ {14 B}
S=3u{ét,it,1%t} (3.2.4)
t=1t+1.

3. End when G* contains only one segment; the root of the hierarchy.
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Figure 3.3: The region merging algorithm. Each iteration, the two most similar adja-
cent segments in G? are merged. This adds to segmentation S a parent segment which
achieves stepwise optimization of the criterion ¢. Under the hierarchical model, the joint
probability distribution of the nine pixel states is given by the product of eight factors
(Equation 3.1.3).



Chapter 4

Related Work on Methods for

Segmentation Evaluation

Quantification of results is an important step in scientific method, yet despite the large
number of proposed and available segmentation algorithms there is a relative lack of
performance quantification in the area. Unnikrishnan, Pantofaru and Hebert [71} observe:
“Typically, the effectiveness of a new algorithm is demonstrated only by the presentation
of a few segmented images and is otherwise left to subjective evaluation by the reader.
Little effort has been spent on the design of perceptually correct measures to compare
an automatic segmentation of an image to a set of hand-segmented examples of the

same image”. Jiang, Marti, Iniger and Bunke [31] echo: “..

. segmentation performance
evaluation remains subjective. Typically, results on a few images are shown and the
authors argue why they look good. The readers frequently do not know whether the
results have been opportunistically selected or are typical examples, and how well the
demonstrated performance extrapolates to larger sets of images.”

Palmer, Dabis and Kittler [52] also note that one of the most important benefits of
evaluation is so that algorithms may be self-optimizing. This is particularly applicable
for algorithms having one or more parameters.

This chapter will review methods for the evaluation of image segmentations and seg-
mentation algorithms. In Section 4.1 we discuss a different approaches to segmentation
evaluation and in Section 4.2 we review various methods for computing the discrepancy
between segmentations, a critical yet unsolved problem in ground-truth based segmen-

tation evaluation.

23
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4.1 Approaches to Segmentation Evaluation

Jiang et al. [31] give the following taxonomy of ‘the various methods of performance
evaluation’:

1. theoretical evaluation
2. experimental evaluation

(a) feature-based evaluation

i. non-GT (ground truth)-based evaluation

ii. GT-based evaluation

(b) task-based evaluation

A theoretical evaluation of an algorithm may be performed before it is even imple-
mented. This includes the type of input required, the type of output produced, as well
as the asymptotic and expected running time and storage requirements. Algorithms may
vary by whether they process greyscale or colour imagery. This distinction was impor-
tant in the early 1980s when colour digital imagery became more prevalent. Of course,
there also other types of images that we may wish to segment. A LANDSAT satellite
photo has 7 colour bands. A Magnetic Resonance Image (MRI) does not record colour
at all, but rather density.

Some segmentation algorithms are designed to output a partition segmentation rather
than a hierarchical one. Also, both of these differ in whether they can divide the image
into many segments or only two at a time (thresholding and early snake implementations
only produce bipartitions).

Another theoretical topic is the benefit to having fewer parameters. From a theo-
retical viewpoint being non-parametric suggests generality of the approach and a solid
foundation of the problem at hand. In practical use fewer parameters affords lesser ‘fine
tuning’ of the algorithm. In either case being non-parametric does not always mean the
algorithm will perform better in practice.

In a theoretical evaluation of a segmentation algorithm, Tao and Crisp [69] obtain a
theoretical performance bound for the region merging algorithm (Algorithm 1).

Non-ground truth based evaluation methods are measures of some desirable statistic
related only to the image and the segmentation itself, not using any ground truth data.
The evaluation statistic can be the segmentation criterion itself.
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An example of this type of test would be to implement several approximation methods
which seek to maximize the same criterion on the same set of images and observe which
produces the better final values. This would be the evaluation paradigm we would use
if we were examining Shi and Malik’s second question [64] (how to best compute the
segmentation).

Ground truth based methods are dominant in current research. Zhang [79] calls
ground-truth based methods ‘empirical discrepancy’. Empirical discrepancy methods
measure how well the segmentation results match some previously specified ground truth.
As these terms suggest two items are required for this test: a ground truth data set
labelling the true objects in the image, and a method for computing the discrepancy
between the segmentation and the ground truth. Discrepancy can be any measure of
similarity or dissimilarity between the automatic segmentation and the goal.

Using a synthetic image it is possible to compare the results of the segmentation to
the truth directly. In this case we assume that the synthetic images are a good enough
approximation of the type of images that the algorithm will encounter during its working
life. The alternative is to hand-label natural images. The Berkeley Segmentation Dataset
(BSDS) presented by Martin, Fowlkes, Tal and Malik [44] provides a database of images
that have each been partitioned according to the intuition of human subjects, and is as
close as we have come to a standard test for segmentation algorithms. Comparing against
this data, however, is difficult because “there is no single ground truth segmentation
against which the output of an algorithm may be compared [71]”. In other words, each
subject segments images differently.

Choice of discrepancy measure is also a matter for debate. Section 4.2 reviews meth-
ods for partition and hierarchical discrepancy, including two measures proposed by Mar-
tin et al. [44] and two other measures which have since been proposed for the same data
set [72, 16].

In task-based evaluation the segmentation is performed as a pre-processing step for
some higher-level process, for which there is some other measure of performance. Zhang
and Gerbrands [80] call this the ultimate measurement accuracy because if the higher-
level performance measure is exact than there can be no better quality certification for
the segmentation algorithm. Borra and Sarkar [13, 43| argue that ”segmentation or
grouping performance can be evaluated only in the context of a task”. This position is
also taken by Palmer, Dabis and Kittler [52], who study evaluation of the related problem
of boundary detection.
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Section 5.1 will present an evaluation based on the task of ‘describing’ ground truth
segments.

4.2 Measures of Discrepancy for Empirical Evalua-
tion

A central task in many approaches to evaluating image segmentations is the comparison
of a segmentation to either ground truth or a peer segmentation. Most methods operate
on two partitions. We will review these and some other methods that have been used in
the larger context of hierarchical clustering.

The comparison of clusterings for the purpose of cluster validation has been studied in
various capacities over the years. For example, in the early 1980s the topic was intensely
studied by biologists who desired to validate and compare genetic dendrograms (tree
graphs of hierarchical clusterings).

4.2.1 Partition Consensus Methods

There are a great number of partition consensus methods based on a tally of the number
of pairs of pixels which appear in the same segment versus pairs appearing in different
segments. These tallies (or the relative probabilities) may be represented in the 2 by 2

matching matrix:
_ ( a b )
c d

where the left and right columns indicate respectively the number of pairs which occur in
the same and in different segments of one partition and the top and bottom rows indicate
respectively the number of pairs which occur in the same and in different segments of the
other partition. In general, we wish to observe a correlation among these events: if two
pixels appear in the same segment in one partition, then they should also in the other
partition. The correlation of the matrix indicates the extent of agreement between the
partitions and has been computed in a number of ways.
The Rand index [55] is given by:
a+d

T a +b+c+d

Variations were later proposed. Probabilistic Rand [70] allows comparison against a
suite of ground truths. The Adjusted Rand [29] and Normalized Probabilistic Rand [71]

R
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indices correct for chance by considering the expected value of the index. This allows
index results to be averaged and compared across images.
Other measures based on the matching matrix are the Jaccard index [9]:

a
Cr=TThe
And the Fowlkes and Mallows index [24]:
a
Crym = .
M (a+b)(a+c)

The authors of the BSDS introduced a pair of measures, the global consistency error
(GCE) and local consistency error (LCE) [44]. These measures focus on allowing one
directional refinements. Suppose segment S| contains pixel z in one segmentation and
segment S contains the pixel in the other. Then, the directional local refinement error
is defined as
Cop = |ST1\S2|

51|
where \ denotes set difference and || denotes set cardinality. Errors fall in the range
[0,1]) and are averaged over all pixels. “As observed by the authors [,] there are two
segmentations that give zero error for GCE and LCE - one pixel per segment, and one
segment for the whole image. This adversely limits the use of the error functions to
comparing segmentations that have similar cardinality of labels [71]”.

The method of Cardoso and Corte-Real [16] uses the partition discrepancy. The
partition discrepancy is given by the minimum number of pixels which must be removed
from the image so that both partitions are completely in agreement.

Meild [45] proposed the variation of information (VI), a novel consensus method based
on information theory. VI measures conditional entropy between clusters of each data
set, roughly, how much the knowledge of a pixel’s segment in one segmentation reduces
our uncertainty about its segment in another segmentation. Because conditional entropy
is not symmetric (see Equation 5.1.5), VI adds the conditional entropy in both directions.
VI produces a measure with a tangible unit: the bit. Therefore, the author claims the
information based approach has better comparability over experimental conditions, for
example, when there are different number of segments in each partition.

Ground truth evaluation methods for edge detection are related [78, 52].
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4.2.2 The Consensus of Hierarchies

Among correctness-based evaluation methods there has not, to our knowledge, been one
to evaluate hierarchical segmentations. In this section we shall review methods which
have been used to compare hierarchies and trees in related problem domains.

An early method proposed by Fowlkes and Mallows [24] extends a pairs-counting
method by ‘cutting’ two hierarchies (horizontally) each at level k and computing the
correlation of the matching matrix. Correlation is then plotted against k. See [24] for
related methods.

One statistic on hierarchies of populations that analysts consider is the 'rank’ of pairs
of samples. The rank of a pair of pixels which is the lowest level at which the samples are
joined in the same group in the hierarchy (analogously to degree of relation in a family
tree). This information can be represented in a triangular matrix, where element A, ; is
the (possibly normalized) level at which samples ¢ and j are first joined into the same
cluster. The rank gives an indication of how closely related the two samples are, and
can be computed in log-linear time. Lapointe and Legendre [34] review two measures of

Co= Z Z min(Ai,j, Bi,j)

? J

Cu= Z Z |Ai,j - Bi,jl
)

which are called, respectively, the organized and unorganized complexity by Day [18],
and the consensus similarity and metric dissimilarity by Faith and Belbin [21]. Other

association

and

rank methods include the cophenetic correlation coefficient [66] and rank correlation [32].
The difference between partition (hierarchy) rank and property (distance in sample space)
rank has previously been used as a cluster validation indicator [6]. Motivated by work on
stability of hierarchical clustering [5], our earlier work used a rank method to compute
stability between segmentations under small changes to camera angle [41].

More recently, work has been done to formulate statistical significance tests for these
measures [35, 63, 21]. This involves formulating a null hypothesis: the distribution of
the consensus index for random hierarchies. As can be imagined, these studies vary in
their representation and interpretation of hierarchies and their consensus.

Tree-edit distance, based on topological operations, or elementary transformations, of
trees, came to the fore particularly in the field of theoretical computer science, where a

tree represents a program or data structure rather than a nested clustering. Such methods
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include the nearest neighbour interchange of Waterman and Smith [75] for unrooted trees
and the metric of Robinson and Foulds [56] for two unrooted trees of arbitrary degree.
“Unfortunately this kind of distance [...] may be very hard to compute effectively [7]”.

Consensus tree methods are more focused on the topology of the hierarchy. A consen-
sus tree is a dendrogram which represents information common to one or more rival trees.
The exact formulation of the consensus tree depends on what information contained in
the rivals are considered important.

In support of consensus tree methods, Mickevich [46] offers an example comprising
two similarity matrices for a set of the same four taxa (data to be clustered, also, leaves
in the dendrogram). In the first, taxa a and b form a tighter cluster and than do taxa
c and d. In the second, taxa c and d are more closely associated than are a and b. In
both cases, using nested set notation, the proper hierarchical clustering is {{a,b},{c,d}}.
Yet, the cophenetic correlation coefficient indicates that the two matrices are negatively
correlated.

The Adams-2 [30] consensus tree is somewhat of a cross-product between hierarchi-
cal partitions (trees having unlabeled interior nodes). Thus the recursive formula for
computing the Adams-2 consensus between two hierarchical partitions of a set of is as
follows:

Algorithm 2 (Adams-2 Consensus Trees)

Initialize a set of all taza.
1. If the set contains only one leaf, the consensus is the set containing that leaf.

2. Otherwise, find in both trees the smallest sets containing the subset in question.
Compute the cross-partition. Repeat for each of the smaller sets.

Alternatively the strict consensus tree contains only the subsets which appear ex-
actly in both trees. Strict consensus trees are also known as majority-rule consensus
n-trees [42], also the cladogram of replicated components [51]. Wilkinson [76] proposed
the reduced Adams consensus and reduced cladistic consensus trees to address the prob-
lems of sensitivity and ambiguity in strict and Adams-2 consensus trees, respectively. A
related concept to consensus trees are maximally parsimonious trees [46)].

Consensus trees give a representation of the agreement between dendrograms but do
not provide a numerical index upon which we can summarize that one pair are more
or less in agreement than another pair. For this we may apply indices of tree size or
‘information content’ to the consensus tree. As an example of such an index, the Nelson
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and Platnick [51] total information can be computed by iterating over all leaves and
summing the number of ancestors. Mickevich [46] applied Farris’ distortion measure [22]
to Adams-2 consensus tree. Schuh and Polhemus [61], based on the work of Nelson
[50], count the number of subsets (component information) in the strict consensus tree.
Day [19] elaborates and designs a dissimilarity measure computing the number of infor-
mative components in rival trees T} and T, but not in their strict consensus, C(T7, T3).
He denotes the cluster representation of a tree T by T

D(Th,Tz) = |Ti| + |T3| - 2I1C(T1, T2)|

In many methods it seems consensus trees (CT) and consensus indices (CI) have been
combined nondiscriminately [60], even though “different criteria embodied in the di-
verse CT and CI methods will lead to different conclusions concerning the same pairs of
trees [63]”.



Chapter 5

Segment Description: An Efficient
Task Based Segmentation Evaluation

5.1 An Information Theoretic Measure for Discrep-

ancy

While we deliberate greatly over the proper measure of consensus we feel the Berkeley
Segmentation Dataset [44] (BSDS) ground truth is, at least, as good as any we would be
able to acquire.

In our experiments, a ground truth segment is a subset of pixels that have been
selected from an image according to some common property. Let us denote a ground truth
segment with a vector v := [vy,va,vs, ..., vy] of values in {0,1} where v; = 1 indicates
the ith pixel is ‘inside’ the ground truth segment and v; = 0 indicates otherwise. Like
an image segment, a ground truth segment must be connected.

The ground truth segments in the Berkeley Segmentation Dataset (see Figures 6.4-
6.7) correspond to ‘distinguished things’ in the image. Although the BSDS is given in
the form of partition segmentations, we consider the data set as a ‘bag’ of segments
V:={v'},1<i< K. K is the number of ground truth segments for all subjects, given
a specific image.

Suppose there exists a distribution over variables X := {X;},1 <i< N

P(X1, X2, X3, ..., Xn), (5.1.1)

which is the true but unknown probability, given an image, that for a randomly selected
ground truth segment v, v; = X;, for all 1 < ¢ < N. P, the ground truth segment

31 '
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distribution, models the spatial extent of a single randomly chosen ground truth segment
from a randomly chosen subject. That is, it is the probability that a human observer
will select v as a ‘distinguished thing’ given a specific image.

The marginal of this function down to one dimension

P(X;) = Z Z Z Z P(v1,vg, Vs, Xiy o, VN) (5.1.2)

v1=0,1 va=0,1v3=0,1 vy=0,1

is equal for all ¢ variables, because each pixel appears in the same number of ground
truth segments.

The marginal of this function down to two dimensions

PXo, X)= > > > o > P(v1,v2, Vs, Xiy oy Xjy ooy V) (5.1.3)
v1=0,1v3=0,1 v3=0,1 vn=0,1
is the probability of two pixels being inside a randomly-chosen ground truth segment.
This all-pairs model of ground truth is used in the (Normalized) Probabilistic Rand by
Unnikrishnan, Pantofaru and Hebert {72, 70].

We are not aware of any evaluation methods based on the full, N-dimensional ground
truth probability distribution. Yet, we feel that this is the proper quantity to evaluate
against because it most clearly characterizes the ground truth data, that is, the distri-
bution of ‘distinguished things’ in the image.

Now, just as we have proposed a hierarchical model for joint probability of pixel
appearance in Section 3, we also propose a hierarchical model for the joint probability
of pixel ground truth state. Section 5.2 presents a hierarchical model for ground truth
based directly on an estimate produced by the segmentation. Since the visual data and
ground truth data are presumably influenced by the same physical influences we should
observe a correlation. That is, if two pixels have similar visual properties then they will
also often have the same ground truth state.

It has been noted about the BSDS and similar images that distinguished things tend
to be refinements of other distinguished things. Ground truth segments tend to include
or be included in other segments, but not otherwise overlap, which is a property of a
nested partition. This suggests strongly that the hierarchical model is appropriate for
this distribution.

Considering the ground truth data as well as the segmentation as a distribution of
ground truth segments enables the use of existing measures of discrepancy from the
study of communication theory. Information entropy [62] is a measure for expressing
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uncertainty about a probabilistic system. The information entropy of distribution P(X)
is given by:
ZP = z;)log, (P (X = w;)), (5.1.4)

where 7 is integrated over all pOSS1ble states of X. Suppose we wanted to communicate or
store the exact state of a variable X. In a hypothetical descriptive language of b symbols,
the optimal length of a description for state X is

1
logb m

A description is manifested as a string of symbols that uniquely identifies the state of a
random variable X. More likely states are given shorter description lengths for maximal
total description efficiency. Entropy increases with the number of possible states of the
variable X as well as the uniformity of the distribution. The unit of entropy is symbols,
which are linear units of storage or bandwidth. For a language having only two symbols,
the unit is bits.

Let Q(X) be a known distribution which estimates P(X). Suppose we precompute a
descriptive language based on our estimate, Q)(X), such that the length of the description

for ground truth segment X is
1

log, @m
We do not give the descriptive language itself, however, the entropy equations give the
average number of symbols used in an optimal descriptive language.
The cross-entropy of two distributions

H(P(X),Q(X)) ZP = ;) log, (Q (X = z.)) (5.1.5)

is the average number of symbols required to completely describe the state X drawn from
probability P(X) but for which we have computed a theoretically optimal language based
on our estimate Q(X). In case Q(X) is a perfect estimate of P(X) the cross entropy
will equal the entropy of P(X). Otherwise more symbols than the optimal amount will
be used.

The task of ‘describing’ a randomly chosen ground truth segment v means uniquely
identifying the ground truth state of all N pixels. Suppose our communication medium
was limited to two symbols. A naive description method might report each v;, in order,
verbatim. This would require a description length of N bits for each ground truth
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segment. Observing that ground truth segments have an average size of % we might find
that the optimal description length for a single non-ground truth pixel is

— log,(0.95) =~ 0.074 (5.1.6)
and that the optimal description length for a single ground truth pixel is
— log,(0.05) ~ 4.322. (5.1.7)
Therefore we may improve the average description length per pixel to
— 0.9510g,(0.95) — 0.05 log,(0.05) ~ 0.286. (5.1.8)

By considering pixel correlations, and ultimately the full N-dimensional joint proba-
bility, we may obtain a still more efficient language.

The process of describing image segments can be thought of as a computer vision
application in itself. The purpose of segmentation is to facilitate real world operations
on an image. Specifying which pixels are part of a single ‘distinguished thing’ is certainly
a real-world operation. A prediction @ that closely matches the ground truth P will
make this task more efficient. Cross-entropy is asymmetric, but seems to be the correct
approach for measuring the predictive power of an estimate against a ‘gold standard’.

In a related approach, to substantiate earlier claims that maximally parsimonious
(MP) trees are “the most efficient summary of [the taxonomy’s] information content,”
An and Sanderson [3] designed particular information coding methods that achieve high
compression of character data. They showed that the MP tree was the most efficient un-
der their coding scheme. Also, they found that high compression could still be achieved
in the case of conflicting data arising from, for example, “Recombination, lateral gene
transfer, hybridization, and other biological processes” which detract from perfect evo-
lutionary organization and make classification difficult.

In this chapter a probability estimate for the distribution of ‘ground truth segments’
is given based on the hierarchical generative model of image formation. By decomposing
the ground truth probability function recursively we hope to closely estimate the actual

distribution with a minimally complex model.
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5.2 A Hierarchical Model for Ground Truth Seg-

ments

We propose to estimate the ground truth probability distribution according to the hi-
erarchical model of image formation (Figure 2.1(c)). Let segmentation S be a set of
three-tuples of segments {5, L, R}, such that R and L are the left and right children of
S in a hierarchical model. Let X := {X;},1 <4 < N be the 'leaf’ variables and let
Y := {Vi},1 < i < M be the latent variables. Let T be the space of measurements
of ‘ground truth’ at an image segment. There are two properties of an image segment
we wish to model: size and ground truth intersection. Therefore there are two random
elements for any segment Y

YV ={Y,_,Y .} (5.2.1)

size?
Let us define a distribution
qcruth : TB’@ - R

for the conditional distribution ground truth of child segments on a parent segment.
That is,

qtruth (S’ L’ R7 Q)
is an estimate of (5.2.2)
P(L, R|S).

Also, let €2 be a random variable in Q, the space of fixed parameters of the system. We
define function g, ., , based on the behaviour we expect the spatial extent of objects to
exhibit. Each g, is a mixture component which explains why we may subdivide pixels
into segments such that the pixels within each segment are more ‘alike’ than pixels in
different segments, at all levels of scale.

In this chapter, we consider the size of a segment S

size

to be known, as this can
be calculated given a segmentation. R
max(0, R, + R — See

A pixel in S may have one of four states: it may or may not be a ground truth
segment and it may or may not be in subsegment R. If these events were independent
we would expect R, ., the number of ground truth pixels in R to be centered in the

~un May take an integer value between LB =
)and UB = min(R_,_, S, ,.) inclusively.

size truth size? ~ truth

range LB < R_ .. < UB. Rather, we expect a correlation among these events. If S
contains both truth and non-truth pixels then the truth pixels will have a bias toward
one subsegment and the non-truth pixels to the other.
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To verify this hypothesis we observe P(R,_ .. |Seumy Seie Fuine ), the conditional distri-
bution of ground truth intersection of a subsegment on a parent segment. This data
was obtained from segmentations computed by the algorithm given in Section 3. These
histograms plot the size ratio of intersections between ground truth segments and im-
ages segments R scaled linearly over the feasible range %%LE#. We only consider cases
where R, >40and R, =S, % 10%.

The histograms in Figures 5.1 and 5.2 indicate that when S contains some ground

size

truth pixels, they appear disproportionately in either the left or right subsegment.

G

P(r)

v o z=|lzlub-1b
P = ( Fes- 1) 7 {ub - i) Lint )J

Figure 5.1: The intersection of subsegments and ground truth. Regardless of segment
size (2 axis), the ground truth pixels in segment S tend to fall in either the right or
left subsegments. The distribution is closely approximated by the Beta distribution
(foremost, in red).

We suggest to fit a Beta distribution over the relative sizes of L and R:
1
B(z,a,0) =
( ) ﬁ) B(a, ,6)
which is the distribution of the (a+1)th highest value of @+ 3+ 1 samples of the uniform
distribution over [0, 1] and B(«, ) is the normalizing beta function.
Giventhat L, +R

truth

2 N1 — )P (5.2.3)

= 5,,.n» We model the probability density or relative segment
size size using the Beta distribution (Figure 3.1)

Rtruth _ LB)wtruth_l <UB - Rtruth>wtmth_l (524)

Qrain (S By Ly wy ) = c( UB—LB UB — LB
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P(r)

0.01
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0 01 02 03 04 05 06 07 08 09 1
r = (rtruth - Ib) / (ub - ib)

Figure 5.2: The intersection of subsegments and ground truth. A histogram of 100 bins
over the possible values for R, is closely approximated by the Beta distribution.

where ¢ is a constant. For

the expected value will be at

L Q 1
E truth — = -
(Struth > a + /3 2
Also, for
W = @ = [ < 1.0,

the distribution becomes U-shaped, with maxima in the limits of LB and UB. Therefore,
the ground truth pixels of segment S will tend to appear in the left subsegment or right
subsegment, but not both.

Figure 5.1 demonstrates invariance to segment size. Figure 5.2 shows the probability
mass function in greater detail.



38

5.3 Computing the Segment Description Length

In this section, we give an efficient algorithm for evaluating the proposed segmentation
model using cross entropy.

Let segmentation S be a set of three-tuples of segments {S, L, R}, such that R and
L are the left and right children of S in a hierarchical model. Let Y = {V;},1<j< M
are be the hidden variables, and X = {X;},1 < ¢ < N are the pixel variables. Segment
variables take values in TUS. Given S, computation of Y is straightforward: we simply
take S, =L . + R

uth cruth e Under this assumption, we may take

Q(Yo) H qtruth(S7 L7 R’ Q)
{S,L,R}eS

(}/O;Yla ""Yna X07 Xl) veey Xn)

iy (5.3.1)
= Q(Xl,Xz, X37 ey XN)

which is the ground truth distribution estimate. ¢(Y;) is the prior on the root segment
which we take to be a constant function.

Suppose we were to describe the state of X in a language of b symbols. A description is
manifested as a string of symbols that uniquely identifies the state of X; forall1 <i < N.
In a hypothetical descriptive language of b symbols, the optimal length of a description

log (}i?)) . (5.3.2)

Suppose we precompute an optimal descriptive language based on the the estimate, g(X).

for state X is

The the description length is then given by

log (E&T) . (5.3.3)

We may perform the factorization

lo -—1——10 ( L )
B 9(X) ~ OBG(Xy, Xa, X3,y XN
= _log(q(Xl)X27X37 7XN))
(

¢%) T Gua(S LR Q) (5.3.4)
{S,L,R}eS

=c— > 108,(Gin(S L, R, Q)
{S,L,R}eS

= —log
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The factorization reveals that the description can be broken into parts, such that each
part describes the number of ground truth pixels in a subsegment, given the number in
the parent. The length of the total description is the sum of the descriptions of the parts.

In the segment description algorithm, we implement a recursive strategy to compute
the length of the description for a ground truth segment. This strategy is exemplary of
the top-down generative process of image formation, and a proper descriptive language
might implement the strategy. Given an image and a segmentation, we first specify how
many of the ground truth pixels are in each of the top-level segments. Then for each of
these segments, describe how many pixels are each of its subsegments. Repeat until the
leaf level is reached. The transmission of fractional bits which is not possible in digital
communication yet the top-down approach is correct because children are independent
given the state of their lowest common ancestor. There will be less uncertainty in the
state of lower-level segments since, if the segmentation was computed correctly, the pixels
of those segments are increasingly ‘alike’.

Consider the distribution

(X1, Xo, X3,..., XN) (5.3.5)

of ‘distinguished things’ in the Berkeley Segmentation Dataset (BSDS) [44] ground truth
segmentations. We might call this the sampled ground truth segment distribution. Al-
though the BSDS is given in the form of partition segmentations, we consider the data
set as a ‘bag of segments’ V = {v/},1 < j < K. K is the number of ground truth
segments for all subjects, given a specific image. Each ground truth segment is given by
vl = [vf ] ,1 <4 < N where v/ = 1 indicates the ith pixel is ‘inside’ the jth segment
and v{ = 0 indicates otherwise. Therefore, instead of computing the summation over the
entire 2 domain of p, we sum over the K sampled ground truth segments.

Algorithm 3 (Segment Description Algorithm)
Let X = {X;},1 < i < N be segment variables taking values in TUS.
Let L be the recursive function

IOgQ(thth(S’ L7 R’wtmth)) + ‘C(L> S) + ‘C(Ri S) lf {Sv La R} € S

L(S,8) :=
( ) { 0 otherwise

(5.3.6)
where S, L and R are image segments and segmentation S is a set of three-tuples of
segments {S, L, R}, such that R and L are the left and right children of S in a hierarchical
model.

Let V be a set containing K ground truth segments.
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1. Initialize X directly from an image. Segment X via the region merging algorithm
to obtain segmentation S. Let Y,z be the root segments in S.

2. For each v in V,

(a) Initialize X, ,,
(b) Compute S, , =L, , +R

"—“’U“].SZSN
v{S,L,R} €S

truth?

(c) Compute the description length
DL(S? ’U) = E(Y;'oohs)ﬁ (537)

We divide the average description length by the shortest possible description length
we may obtain without observing pixel correlations (Equation 5.1.8). Therefore, we
report the amount of compression we obtain over the baseline method. This normalizes
the measure with respect to N, the image size.

Hopefully, a hierarchical decomposition may still achieve a good estimate of the true
joint probability distribution. What are the sources of error? At each subdivision we
summarize the probability of ground truth state for pixels in .S by S, ,,, the number
of pixels which are ‘truth’. Unless nature is a perfect hierarchy this will induce some
error. Of course, even if nature is a perfect hierarchy there are still two sources of error:
our ground truth probability estimate (Section 5.2) or our approximation of the internal
structure (Algorithm 1).
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Figure 5.3: The segment description algorithm. Labels indicate the number of ‘ground
truth’ pixels within the segment for a single ground truth segment selected from the
ground truth probability distribution. Observations show (Figure 5.1) that ground truth
pixels will appear in one ‘child’ or the other of a segment. We combine the structure
computed by the region merging algorithm (Figure 3.3) with the beta distribution (Figure
5.2) to estimate the joint probability distribution of pixel ground truth state.



Chapter 6

Experimentation

6.1 Evolving the Descriptive Language for Reduced
Description Length

The description length evaluation method allows to evaluate and compare the perfor-
mance of segmentation algorithms. The ability to quantify the results of a scientific
proposal is crucial, yet “the usefulness of such measures is not confined to comparing
different approaches, but provides an important step to building self-optimizing vision
systems that automatically adjust algorithm parameters at each level of the system to
improve performance [52]”.

In the case of image segmentation we often encounter segmentation criteria which are
parametrized in some way. For instance the criterion may combine many factors that
suggest the presence of objects. A variational criterion must weigh the relative influence
of those factors parametrically. The parameters of our algorithm are the vector

Q= [w,,w WesrourWanapeWicuth ] 1 (6.1.1)

luminance ™ colour "“shape " truth

which controls all adjustment of the hierarchical model. While the segmentation criterion
is formulated from our assumptions about the real world, ‘tuning’ the parameters of the
criterion will take more care.

Reviewing the methods of Chapter 2, we see many authors agree that segmentation
can be improved by using multipart criteria. However they disagree as to what those
factors should be and how they should be defined. In most cases, presumably, the weights
and thresholds by which these authors combine criteria are chosen according to their own
intuition.

42
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Tuning the parameters of the algorithm poses a nonlinear multivariate optimization
problem. This is a difficult problem because while we can evaluate for a single point in
search space (the space defined by the parameters), we cannot evaluate the derivatives
of the space. We cannot solve for maxima or even perform gradient-ascent type searches.
It can be difficult to find the optimal value in such a case especially when the function
is noisy.

We employ the evolution strategies (ES) optimization method [11]. ES is an opti-
mization method for unknown functions with real-valued, high-dimensional search spaces.
The evolutionary strategies method of optimization (Algorithm 4) uses the biologically
motivated principles of variation and selection to evolve a population of search points
into continually better regions of the search space.

ES is appropriate for use in a search space that is high-dimensional and real-valued,
and when the objective value is noisy and no gradient information is possible. We
consider the compression ratio to be a noisy objective function since it is complex and
is computed on a relatively small training set.

Algorithm 4 (Evolution Strategies)

1. Initialize population
X;=0,1<i< p.

2. Selection: Test the fitness of each individual. Segment each image according to the
parameter set X;. Average over all images the cross entropy between the sampled
ground truth probability distribution p and the estimated ground truth probability
distribution q.

Y;=H(p,q).

Select p of the best results according to the selection operator.

3. Recombination: Combine parents X; and X; into new search point X¢, according

to the recombination operator.

4. Mutation: Add a random, normally distributed vector.

X¢ = X¢+0oN(0,1)

5. Repeat from recombination to produce A children.

6. Repeat from selection until some stopping condition
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We use a population size of 10 solutions, each solution representing a vector of pa-
rameters ;. For each solution we compute the segmentation of each image, and for
each image, compute the cost to transmit all ground truth segments in terms of the
segmentation of the image. We sum the number of bits in the description length for the
hierarchical approach versus the method using a constant number of bits (= 0.286, see
Section 5.3) for each pixel. The ratio between the two is averaged over all images to yield
the fitness of the solution.

A purely biologically based implementation might select two highly fit individuals and
use intermediate recombination - take their mean - to produce an offspring. We employ
the optimal weighted recombination (OWR) recombination operator [4], where all
individuals contribute to an offspring with genetic contribution weighted by their relative
fitness.

An attractive property of the ES system is self-adjusting mutation strength [28]. Un-
like simulated annealing which generally has a predetermined plan (annealing schedule)
for gradually reducing the mutation strength, ES attempts to adjust this parameter dy-
namically. The general approach is to accumulate the progress made over the last few
generations and to use this data to infer the trajectory of future generations. In cumu-
lative step-length adaptation, if the cumulative path is relatively long then the previous
steps are correlated. This indicates that the same amount of progress could have been
made in fewer steps if the mutation strength were larger. In this case, the mutation
strength o is correspondingly increased. On the other hand if the progress vector (re-
cent search path) is relatively short over the last few steps it suggest that those steps
have been negatively correlated. In other words the previous steps have been ‘doubling
back’ on themselves, indicating that the mutation strength is too high. Furthermore,
the progress vector can also be used to adjust the covariance matrix of the mutation
operator increasing the probability of mutating into successful directions.

By exploring the search space with the evolutionary search algorithm, we hope to
observe the relative importance of different terms in the criterion and ultimately achieve
the best possible ground truth compression.

Because all parameters must be positive non-zero, and because more precision is
needed near zero, optimization is done in the (natural) log domain.
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6.2 Results

Possibly due to the relatively small dimensionality of the search space, our attempts
to incorporate step size adaptation were unsuccessful. Instead we fixed the mutation
strength ¢ to a small value, resulting in stable optimization runs at the expense of
progress rate.

Due to time constraints, optimizations were performed using a subset of twenty of
the 200 images in the training set.

Several optimization runs were performed from different starting locations. Initial
tests appeared to converge toward the vicinity of

Q = [w wluminance wcolour wsha,pe wtruth]

= [exp(1.5) exp(—1.0) exp(1.5) exp(—1.0) exp(—1.5)],

size

the estimated minimum. Searches starting nearby quickly approached the estimated
minimum and then performed a random walk of the region. A search beginning far
from the estimated minimum progressed more slowly through the search space. These
behaviours may both be due to an incorrectly tuned mutation strength. It also appears
that near-best compression results can be obtained in the vicinity of

Q = [w W wshape wtruth]
= |exp(—2.00) exp(—0.35) exp(3.15) exp(—0.68) exp(—1.06)],

size wluminance colour

suggesting the ‘fitness landscape’ is more flat than previously thought. Segmentation re-
sults using these two vectors are compared visually in Figure 6.1. Note that among these

two vectors the relative importance of w,,, and w are reversed. During optimization,

shape
it was observed that one of these terms tends to increase as the other decreases. This
may be explained by the fact that perimeter and size are, after all, dependent. Overall

best compression results were just under 2%.

Visual segmentation results are given in Figures 6.4 to 6.7 alongside the ground truth
segmentations. While we do not observe automatically generated segments (left column)
that match exactly to hand-generated segments (right column), it seems we can obtain
the shape of the hand-generated segments by taking the union of automatically generated
segments at some (high) level in the hierarchy.
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Figure 6.4 (BSDS image #223061) shows the Louvre Pyramid, a glass structure
which is difficult to segment due to the transparency of glass objects. The algorithm has
difficulty delineating the thin metal structures diagonal to the pixel grid. Yet at a high
level the overall structure of the building is apparent.

Figure 6.5 (BSDS image #105025) shows a lion in a natural habitat. At high levels the
scene is partitioned into distinct coloured regions but at intermediate levels the algorithm
seems to have difficulty finding the boundaries between textured regions. Note that two
subjects delineated the lion’s eye and nose despite the very small size of these objects.

Figure 6.6 (BSDS image #376020) shows a monk sitting by a tree. The colouration
of the image subject allows for effective segmentation. Smaller objects such as the white
strip in the background and the yellow material in the foreground are also effectively
segmented. Note, though, that near the top of the hierarchy the subject’s head is joined
to the tree rather than to the rest of his body.

Figure 6.7 (BSDS image #188005) shows a person on a boat in front of an iceberg.
The segmentation produced by our algorithm seems reasonable and at level 16 most
salient regions are grouped.

Processing time for a single 480x320 image averaged under six seconds on a Pentium
Core 2 Quad processor at 2.4 GHz. Note that the majority of processing time is spent
on very small segments. A preliminary segmentation algorithm, such as the watershed
algorithm or an algorithm that merges on locally maximal criteria values [23] could
improve running time substantially.
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Figure 6.1: Left column: Segmentation generated by parameters at the estimated min-
imum, exp () = [1.5,-1.0,1.5,~1.0,—1.5]. Right column: segmentation generated
at alternate parameter settings exp (Q) = [—2.00, —0.35,3.15, —0.68, —1.06] (see Figure
6.2). The topmost level contains the same desk image. Subsequent levels display the
segment hierarchies at 4, 8, 16, and 32 segments.
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Figure 6.2: Position in search space approaches the estimated minimum as optimization
progresses. Three optimization runs are shown from different starting locations.
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Figure 6.3: Description length of ground truth decreases as optimization progresses.
Three optimization runs are shown from different starting locations.
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Figure 6.4: Left column: a digital image and its automatic segmentation at levels 4, 8,
16, 32. Right column: ground truth segmentations by different human subjects.



Figure 6.5: Left column: a digital image and its automatic segmentation at levels 4, &,
16, 32. Right column: ground truth segmentations by different human subjects.
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Figure 6.6: Left column: a digital image and its automatic segmentation at levels 4, 8,
16, 32. Right column: ground truth segmentations by different human subjects.
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Figure 6.7: Left column: a digital image and its automatic segmentation at levels 4, 8,
16, 32. Right column: ground truth segmentations by different human subjects.



Chapter 7

Applications

Two applications were developed using the optimized segmentation algorithm. HSVGen,
a bitmap-to-SVG image converter, is and example of a ‘visualization’ application and
SAFE, a semi-automatic foreground extractor, is an example of an ‘analysis’ application.
Both are made available for download on the author’s web site [39].

7.1 HSVGen: A Hierarchical Bitmap-to-SVG Image

Converter

We developed software based on the proposed segmentation algorithm to convert between
bitmap and vector image types [40]. A vector ‘graphic’ is composed of points, lines and
polygons, and in its digital form is more precise than a bitmap image under resizing and
rotation. While bitmap images are easily acquired by digital photography, vector types
are often the principal format used for graphic design. Our intention was a bitmap to
vector converter that would respect the organization of objects in the scene, not only
their appearance.

The conversion draws a polygon for each image segment at some specified level. Poly-
gon boundaries are then refined to subpixel precision using an active contour formulation
with region competition [57, 81]. Segment boundaries are also simplified for smaller file
sizes using the quadric mesh decimation method of Garland and Heckbert [25], which
has interesting parallels with the region merging algorithm.

The application uses .NET components, accepts JPEG, GIF and other bitmap for-
mats, and saves the conversion result in scalable vector graphics (SVG) format [27]
(See Figure 7.1).

93
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Figure 7.1: HSVGEN: a raster-to-vector conversion program.
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Figure 7.2: SVG4Blind: a tactile image explorer.
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Figure 7.3: A scalable vector graphic (SVG) with interactive level-of-detail.
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by the proposed algorithm 7.4(c) segment contours
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Because it is based on a hierarchical algorithm, we are able to produce an SVG with
multiple levels of detail. SVG is an extensible markup language (XML) format which is
ideally suited for the hierarchical structure. We add an attribute ‘detail’ to the principal
container element ‘group’, indicating the level of polygon in the hierarchy. Then, the
rendering of detail can be controlled programmatically. We use Javascript embedded
in HTML to filter out any polygons which are below the detail threshold. Figure 7.3
shows the results of a low-quality bitmap that is converted into a hierarchical SVG. Note
that objects have largely been separated into distinct polygons. Furthermore, note that
the windows of the house and the headlights of the car are proper subsegments of those
larger objects. A detailed view reveals the effectiveness in extracting object boundaries
(Figure 7.4(c)), despite compression artifacts in the original (Figure 7.4(a)).

This application demonstrates interesting possibilities for image visualization. Our
software was incorporated into the SVG4Blind system [58], a software for rendering
images on a tactile display. The extraction of contours and multiple levels of detail were

found to aid image exploration on the low-resolution, monochrome device (Figure 7.2).

7.2 SAFE: A Semi-Automatic Foreground Extractor

Often, a digital photograph contains a ‘subject’, which is a region of the image that is
the focus of interest. The background of an image is any pixels that are not part of
the subject, but that have been captured in the image by circumstance. To perform a
visualization or analysis task on the subject alone it is necessary to properly label those
pixels. Accordingly, we developed a tool which assists a user to subtract background
pixels of an image, leaving only the foreground or ‘subject’ of an image.

A commercially-available example of such a tool is the Adobe(R) Photoshop(R) Mag-
netic Lasso tool. This tool is ‘especially useful for quickly selecting objects with complex
edges set against high-contrast backgrounds’ [1]. Using the assumption that users gen-
erally extraction regions which correspond to distinct objects, and with the observation
that there is often a steep transition in pixel appearance at the boundary of two objects,
the Magnetic Lasso tool assists the user by refining a rough estimate of the boundary of
the desired region.

Our approach is region-based rather than boundary based. The SAFE application
allows a user to subdivide the pixels of an image into two classes, foreground and back-
ground (or any other bipartition), based on the assumption that if two pixels are close
in colour and proximity, they they will likely be both foreground or both background.



Essentially, the SAFE application allows the user to to ‘describe’, or uniquely identify,
which pixels of the image correspond to the subject of that image. Therefore the task
conveniently illustrates the framework of optimization proposed in this thesis.

The application begins by segmenting the image to be processed using the region-
merging algorithm. Selection is then performed in a top-down manner. Initially, the
image is divided into the two topmost segments. A white line designates the boundary
between segments. The user can give a command to further subdivide the segments,
down to the level at which each segment contains only one pixel. Subdivision is simply
the opposite of merging, and we consider the traversal ‘top-down’ on the hierarchy.

At any time, the user may use a pointing device to select a segment. All pixels within
the selected segment are labeled ‘foreground’. Depending on the image, a user will often
have to subdivide the image more than once before segments appear which are wholly
‘foreground’. If those segments appear at high levels in the segment hierarchy then less
user interaction will be required. Therefore, if the segmentation algorithm is able to
merge together small segments which correspond only to the subject of the image, then
the user will have to perform fewer selections.

The process of selecting the subject of the image is strongly related to the segment
description algorithm. Instead of communicating the number of ground truth pixels in
a segment, we indicate that the number of background’ pixels in the segment is zero.
The implication for segmentation is the same: if a segment contains some foreground
and some background pixels, then we hope that when the segment is subdivided the
background pixels will appear only in one subsegment or the other. Therefore as the
discrepancy between the ground truth and the segmentation improves, fewer selections
will have to be made by the user.

The application accepts standard bitmap image types and saves results in the portable
network graphics (PNG) format. Background pixels are coloured ‘transparent’, so that
the subject can be composited onto a different background (Figure 7.2).
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Figure 7.5: Background subtraction with SAFE. Figure 7.5(a): The first subdivision is
not able to segment the image into subject and background. Figure 7.5(b): After another
subdivision, a segment appears which only contains subject pixels. Figure 7.5(d): After
several more subdivisions, the final subject pixels may be selected.
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Figure 7.6: An image composite of several subjects extracted with SAFE. Image Copy-
right 2007 WorldHoldingHands.



Chapter 8
Conclusions and Future Work

In this thesis, we present a method for hierarchical segmentation of an image as a prepro-
cessing step for image visualization or analysis. The hierarchical model allows to approx-
imate multi-part objects and offers different levels of abstraction of the image. We show
that the data structure can predict a separate distribution: human-delineated, ground
truth segments of ‘distinguished things’. The hierarchical model is able to uniquely iden-
tify such segments in approximately 2% of the description length used by a baseline
assumption.

Used as an evaluation device this performance characterization gives a substantive
measure by which to trade-off accuracy and performance. In comparison most of the
measures reviewed in Chapter 2 have no context beyond the one test they perform. For
example, the v measure used in our previous work gave higher values for the more ex-
pensive earth mover’s distance [41] criterion, but it was difficult to understand how much
better the results were or whether it warranted the additional computational expense.
Meild [45] also notes that the information-based approach has better comparability over
different experimental conditions.

This work is important because while hierarchical segmentation algorithms are avail-
able in ever increasing variety, “few benchmark databases and standard evaluation pro-
cedures exist, and selecting the best algorithin for a particular application is usually a
matter or trial and error [69].” It is hoped that this thesis will inspire more work into
quantitative evaluation of hierarchical image segmentation criteria.

The criterion used in this work is meant to be exemplary rather than definitive.
LeClerc states, “The advantage of [the minimum description length] formulation is that
it can be extended to deal with subsequent steps of the image understanding problem
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(or to deal with other attributes, such as texture) in a natural way by augmenting the
descriptive language [36].” We could conceivably add terms for texture, boundary gradi-
ent [68], optical flow, higher-level object knowledge [82], and so on. In the near future we
hope to experiment with more complex colour criteria, incorporating the comparison of
colour distributions by parametric [41] or non-parametric [43] means, rather than simply
comparing mean colour values.

More theoretical study into the distribution of visual and other features of a segment
hierarchy is required. Most pressingly, the size and truth-intersection terms are not
properly understood. The observation that the size of ground truth segments follows a
power law may be a good starting point [44]. Until then, we are satisfied with the Beta
distribution. Tractable numerical approximations of the function are available [54].

To our knowledge, this thesis is the first effort to model the joint inclusion distribution
of BSDS ground truth segments hierarchically. We have attempted to show that the
approach is straight-forward, reproducible and useful. We do not experimentally compare
the hierarchical model to the piecewise constant or piecewise smooth models. We argue
that higher compression is possible with a hierarchical model, because the BSDS seems to
contain images of hierarchically organized objects. Of course, to disprove this argument,
it would be sufficient to show that better compression can be obtained via another model.

The hierarchical image model presents interesting possibilities for image display and
analysis. We developed software based on the proposed segmentation algorithm to con-
vert between bitmap and vector image types (See Figure 7.1). Our intention was a raster
to vector converter that would respect the organization of objects in the scene, not just
appearance. Other applications in visualization include object-based video coding and
object-based interactivity of SVG graphics. One reason for the difficulty in building ef-
fective computer vision systems such as object recognition is the quantity of data that
must be processed. We have shown that by simply grouping similar pixels we may im-
prove the efficiency of this particular computer vision task substantially. It is reasonable
to suspect that others may benefit as well.

A number of experimental setups may be envisioned under the proposed evaluation
framework. In this thesis we experiment with different weighting factors for a multi-term
segmentation criteria. But, we could also experiment with different criteria, such as those
involving texture. It would be interesting to compare the performance of the hierarchical
model versus the piece-wise smooth and piece-wise constant models. Algorithms other
than region-merging could be tested. The approach could also be applied to other data
sets, such as the viewpoint stability set [41].
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Apart from maintaining good visual fidelity to the original image we believe our
method has great potential for object-based visualization and analysis. A concise and
simple description of objects is important for the efficiency and robustness of computer
vision applications [59]. Moreover from an information theoretical perspective a concise
description demonstrates an accurate understanding of the underlying distribution, in
this case, of objects in the scene.
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