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Abstract

The representation and manipulation of visual content in a computer vision system
requires a suitable abstraction of raw visual content such as pixels in an image. In
this thesis, we study region-based feature representations and in particular, hierarchical
segmentations because they do make no assumptions about region granularity. Hierar-
chical segmentations create a large feature space that increases the cost of subsequent
processing in computer vision systems.

We introduce a segment filter to reduce the feature space of hierarchical segmentations
by identifying unique regions in the images. The filter uses appearance-based properties
of the regions and the structure of the segmentation for the selection of a small set of
descriptive regions. The filter works in two phases: selection with a criteria based on
relative region size and a sorting based on a variational criteria. The filter is applicable to
any hierarchical segmentation algorithm, in particular to bottom-up and region growing
approaches. We evaluate the filter’s performance against an extensive set of ground-truth
regions from a dataset containing image sequences with scenes of different complexity.

We demonstrate a novel region-to-region image matching approach as a possible ap-
plication of our segment filter. A reduced segmentation tree is reconstructed based on
the set of regions provided by the filtering. The reduction of the feature space by the
segment filter simplifies our region-to-region matching approach. The correspondences
between regions from two different images is established by a similarity measure. We use
a modified mutual information measurement to compute the similarity of regions. The
identified region correspondences are refined using the reduced segmentation tree. Our
region-to-region matching approach is evaluated with an extensive set of ground-truth
correspondences. This evaluation shows the large potential of both, our filtering and our

matching approach.
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Chapter 1

Introduction

Visual sensing is one of the most fascinating abilities of the human organism. In a
fraction of a second visual information is processed in our brain without further thinking.
Even very complex situations are understood almost instantaneously which allows us to
take appropriate actions if necessary. Depending on previous knowledge we are able to
classify “objects” based on their appearance even if we have never seen this particular one
before. Our understanding of the environment enables us to reach for objects regardless
of obstacles in the way. Because of the automatism involved we do not realize the
complexity of such a process.

While visual perception is an easily performed task for humans and animals it is
extremely demanding for machines. In computer science the field of computer vision
covers the efforts of creating visually aware systems. Over the past two decades an
uncountable number of such systems evolved from research in this field. It received a
large amount of attention due to its broad spectrum of applications. As a matter of its
complexity, however, solutions are very specific to the problem they solve. According
to Datta [23], “many years of research have made it clear that emulating human vision
is very challenging, but that nonetheless, practical approaches can help to build useful
systems”. The focus on a specific task lets us assign most of the available computer

vision system into one of the following two categories.

Object recognition is the process of identifying and analyzing objects in visual con-
tent. A traditional discipline of object recognition is optical character recognition
(OCR) which found its way into standard office software. More recently con-
tent based image retrieval systems (CBIR) evolved that allow the user to query

a database of images. Such a system is queried either by a query image or by
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keywords. A similarity measure between images is sufficient in case of a query
by image. No understanding of the objects themselves is necessary. For query by
keyword a classification of the objects in the images is required. This classification
lets the system understand the content of the images and improves the results. An-
other application of object recognition is pose estimation. The pose, for instance,
is significant when magnetic resonance images (MRI) are processed by a computer
vision system. The processing of medical images in a computer vision system is of
great interest and a lot of effort has been put on the development of such systems.
Applications range from detection of anomalies due to diseases to augmented real-
ity supported surgery. In surveillance, computer vision approaches are applied to

count or even identify people.

Scene reconstruction leads to an understanding of the environment. Industrial robots
were among the first environment aware machines. Such robots have their specific
purpose and are very limited in their understanding of the environment. Typical
computer vision applications of industrial robots include point tracking or camera
motion estimation. More sophisticated robots usually use stereo vision to become
aware of their environment. With stereo vision the relative position of objects in
3D space can be computed. Such technology is of particular interest to the military
or in outer space exploration. When there is no stereo vision available a dense 3D
model can be computed from images showing the scene from different viewpoints.
In photo tourism [77] this approach is used to bring the images of popular places
into context and embed them at the position they were taken from. Ultimately, a
reconstructed scene can be populated with further information about the content
of it. The applications of such augmented reality systems are almost unlimited.
Consumer available systems, for instance, were lately introduced to enhance gaming

experience by including the environment of the player into a game [78].

In the early days of computer vision visual sensors, such as cameras, were bulky and
expensive. The availability of inexpensive handheld consumer cameras simplified the data
acquisition for system that process natural images. The currently available cameras are
able to capture any scene with enough detail. Furthermore, images are largely available
on the Internet, e.g., on photo sharing platforms like Flikr. Such websites contain many
thousands of images from an uncountable number of places in the world. Special sensors
are only required when non-optical information is to be captured, for instance, magnetic

resonance image in medical imaging.
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Images and videos are the common machine understandable representation of visual
content. Their low level unit is the pixel which is not a natural entity. Pixels are a
consequence of the discrete sampling of visual content [70]. They are not a suitable
representation of visual content because they poorly correspond to high level objects
and their number is very high even for low resolution of the content. Therefore, a
transformation of the pixels to a higher level representation is required in computer vision
system. This reduces the unmanageable large feature space and puts some semantics
on the content. It does, however, introduce the so called “sensory gap” because it
summarizes the content and makes some assumptions about its importance. This is
described by Datta [23] as “the gap between the object in the world and the information
in a (computational) description derived from a recording of that scene”.

The high level representation most suitable for a computer vision system depends on
its task as it must contain the information required to solve the problem it is built for.
A large number of approaches are available in order to extract raw image data. Among
them are feature detection methods like the scale invariant feature transform (SIFT)
descriptor [54, 55]. It analyzes local invariants to build a set of features that can, for
instance, be used for object recognition or image matching. It is one of the most popular
feature detectors as seen by the modifications presented by various authors [43, 64, 51].
Other popular feature detectors include the speeded up robust features (SURF) [10] or
the maximally stable extremal region (MSER) [62].

Beside feature detectors segmentations are a wide spread high level representations
of images. A segmentation is a clustering of the visual content based on the raw image
data. A perfect clustering will group all pixels that belong to the same object together.
Due to the sensory gap such a clustering is not feasible. Already small changes in the
appearance of an object may change the association of pixels to the segments. For this
reason a segmentation is never perfect, but as Arbelaez et al. [6] outlined “many visual
tasks can benefit from the reduction in complexity achieved by transforming an image
with millions of pixels into a few hundred or thousand superpixels”. There are at least
two types of segmentations: flat and hierarchical. While in flat segmentations there exists
only one layer of segments in hierarchical segmentations the segments are arranged in a
tree. In such a tree a segment is composed of its children, which are either composed
of their children or are pixels. Hierarchical segmentations have the advantage over flat
segmentations to provide segments for different levels of details. Their major downside
is the much larger feature space of hierarchical segmentations. However, they do not

assume any granularity for the segmentation like flat segmentation algorithms do. Our
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particular interest in this thesis are hierarchical segmentations that create a binary tree

by splitting their segments into exactly two children.

1.1 Region-to-Region Correspondence

The identification of corresponding points between images is an essential task many
computer vision systems perform. In photo tourism, for instance, a 3D model of a scene
is computed based on the photographs of popular objects [77]. The scene reconstruction
uses the corresponding points in the images to estimate their point and field of view. The
more images brought into correspondence the more accurate the reconstructed model
becomes. This is in particular useful for popular places, where there are thousands of
images available. In such systems corresponding points are often established using feature
points identified by one of the various feature detectors. These detect local invariants,
like corner points for example, which are unique to the images and are relatively stable
when transformed. With an iterative approach, such as RANSAC by Fischler and Bolles
[30], an initial correspondence of feature points is optimized to find the transformation
backed up by most feature points.

The correspondence of pixels can also be established from the correspondence of
regions. Regions contain many points and encode more information than a feature point
does. These information include colour, texture and shape. Additionally, a hierarchical
segmentation provides information about the structure of regions. This and the other
properties of regions were successfully used in various systems as a similarity measure
between images [21, 34, 35, 44, 52, 67, 81, 82, 83]. Among them are content-based image
retrieval systems, applications for image matching and approaches to image classification.

The information about the structure of regions is, besides the independence on the
level-of-detail, the major advantage of a hierarchical segmentation. In image matching,
for instance, this information can be used in addition to the other properties of a region to
find the best correspondence. The price of this hierarchical information is its large feature
space caused by the encapsulation of the regions. This feature space is often reduced
by building the hierarchical segmentation from super-pixels instead of raw pixels. Such
super-pixels are constructed by an over-segmentation using a flat segmentation algorithm.
Even if this lowers the number of segments available, the feature space stays relatively
large. Our goal is to reduce this complexity by choosing a small set of segments that
represent the image. This simplifies further tasks as we will show with our region-to-

region matching algorithm.
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1.2 Thesis Statement

Most of the regions contained in a hierarchical segmentation are not of interest to com-
puter vision algorithms, e.g., image matching. With careful evaluation, the most impor-
tant regions can be identified and extracted in order to reduce the complexity of these

algorithms. This has the potential to greatly simplify processing without losing accuracy.

1.2.1 Major Contributions

We have developed a system that finds corresponding regions in two images. The system
does not require deeper knowledge of the image domain and is parameter free except
for the number of correspondences desired. It is generally independent from a specific
segmentation algorithm as long as the segmentation is hierarchical. A small set of regions
is extracted from the segmentations of the images. The visual and structural properties
of the regions are used to determine which of them are essential to the images. We
call these regions “descriptive segments” because they are the regions in the hierarchical
segmentation that describe the images. Our system computes the best correspondence
for each of these descriptive segments. Due to the reduced feature space this matching

is simple yet powerful. In summary, the key contributions of our work are:
e The definition of descriptive segments,
e a filter that extracts these segments from a hierarchical segmentation, and

e a region-to-region matching algorithm based on a correspondence measure.

1.3 System Overview

Figure 1.1 contains the high level architecture of our system. The input to our system are
two images of the same scene from different viewpoints or with other varying conditions,
such as brightness or sharpness. For both images our system builds a hierarchical seg-
mentation. This is done using a flat segmentation algorithm to over-segment the images
and then a hierarchical algorithm to construct the encapsulation of the regions. There
are two different combinations of flat and hierarchical segmentation algorithms imple-
mented in our system, both based on publicly available algorithms. The segmentation
tree is the input to the two-phases filtering approach. In a selection phase potentially

descriptive segments are identified. In the later sorting phase these segments are sorted
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Figure 1.1: The high level architecture of our system.

in order of their relevance to the image. At the end of the filtering stage a set of descrip-
tive segments is available. These segments contain the unique features of the images and
were found to be the best representation of them. In the matching stage a reduced tree
is assembled with the descriptive segments. A correspondence measure is used to find
the best matches between the sets of descriptive segments. These matches are validated
against their structure and obviously wrong matches are removed. After this refinement
a list of matches agreeing with the semantics of both images is available. This is the
result of our system.

Related work in the field of feature detection and similarity measures is given in
Chapter 2. In Chapter 3 our approach to descriptive segment filtering is presented.
Different approaches are compared to each other and the most successful one is tested
against an extensive dataset. Chapter 4 describes our region-to-region matching approach
that uses the descriptive segments provided by our filter. We evaluate our approach with
different segment correspondence measures in order to find the one most suitable for our
purpose. We conclude our work with Chapter 5 where we will summarize the results and

provide future directions of this research.



Chapter 2

Related Work

The following sections will introduce the key contributions related to our work. The
related fields include object recognition, image matching, content based image retrieval
(CBIR), stereo vision and scene reconstruction.

Extracting information from images remains the major problem in any task of com-
puter vision [23]. The fact that machines are not even close to being able to recognize
a scene as well as humans is due to the sensory and the semantic gap. The sensory gap
describes the difference between the scene and the information available in its computa-
tional description. Constructing an automatic comprehensible description of scenes is a
very challenging problem because the underlaying representation of a scene poorly cor-
responds to its content. We discuss different approaches to image description in Section
2.1. The difference between human and automatic perception is called the semantic gap.
Even with an automatic recognizable description of a scene, the meaning of the visual
data is hard to classify. Additionally the meaning of a scene can change due to prior
knowledge that may not be available. For this matter even humans classify the same
scene differently. Another example can be found in text analysis, where the same words
can have completely different meanings. A particular application where the semantic
gap matters is in image comparison. In Section 2.2 we will discuss approaches to image
matching.

Over the last years, content-based image retrieval with its many related fields such as
computer vision, database systems, statistics, information retrieval and machine learning,
has received a lot of attention in research ranging from specific topics to whole systems
91, 80, 52, 46, 42, 19, 16, 90]. The purpose of a content-based image retrieval system is

the organization of images based on their visual content. Such a system can be queried
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e by association, where the result is refined iteratively by browsing through the im-

ages,
e by aim, where a particular image is queried, or
e by category, where images of a specific semantic class are requested.

These search patterns do not require a content-based image retrieval system to have an
accurate description of the images [76]. It is sufficient for the system to present similar
images according to the user’s query. This is often accomplished by comparing the query
image to the ones available in a database. The success of these systems heavily depends

on a good similarity measure between images.

2.1 Building Image Signatures

The visual data of real world digital images is represented by pixels. Analyzing images
only based on their pixel values does not suffice for accurate processing. An automatic-
understandable description of the presented scene is required. Feature detectors and
segmentation algorithms extract such a signature from the image. They construct a high
level output of objects or salient points. This allows the automatic processing of the
presented scene and is a necessary pre-processing step in applications, such as content-

based image retrieval.

2.1.1 Feature Detectors

Feature detectors have widely been used in various applications of computer vision.
They consist of a feature detection and a feature description step. Depending upon the
algorithm the steps can either be combined or separated. The purpose of the feature
detection step is to capture the visual properties of an image such that they can be
summarized by a vector of features in the feature description step. There are various
approaches and the one used depends on the particular requirements of the application.
Popular techniques for feature detection use colour, texture, shape or salient points for
detection. Extraction of features is done locally or globally. In global feature extraction
the image is analyzed as a whole, for instance with a histogram. This analysis shares a
speed advantage over local feature extraction. However these algorithms are often too
rigid to reveal important image properties and the extracted features are oversensitive to

their location. For this reason global extraction fails to identify visual characteristics of an
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image and is avoided in modern algorithms [23]. In local feature extraction information is
extracted by comparing single or blocks of pixels with their neighbours. This relationship
between pixels and their neighbourhood identifies a feature more reliable than global
extraction. In most applications of feature detection this is a far more important property
than the greater speed achieved by global extraction [76].

Stereo matching and object recognition has been the traditional domain for feature
detectors based on salient points (e.g. corners). These points of interest are detected
by analyzing local invariants of the image. The gathered set of points is invariant to
affine transformations and illumination changes [23]. In object recognition the Scale
Invariant Feature Transform (SIFT) has outperformed others due to its stable results
even on partially occluded images [54, 55]. In an image, feature points are identified by

the minimums and maximums of the Difference of Gaussian (DoG) function, defined as

DoG(z,01,09) = g(x,01) — g(z,02) (2.1)
whereas
1 2
g(x,0) = €27 (2.2)
2mo

is the Gaussian smoothing function computed in the vertical and horizontal directions
of the image. The input image I is smoothed twice using g(z, o) to compute the DoG
function. Calling the result of the first smoothing step with o = v/2 image A and the

second smoothing step with 0 = 2 image B, then
D=A-B (2.3)

is the difference of Gaussian. For efficient detection of the SIFT keys, image D is ar-
ranged in a pyramid at different scales. The pyramid is constructed bottom up by taking
image B and re-sampling it using bilinear interpolation. A pixel spacing of 1.5 pixels is
chosen, meaning four adjacent pixels are linearly combined into one pixel for the next
higher pyramid level. The difference of Gaussian is then computed for the re-sampled
image. For a pixel to become a SIFT key it has to be a stable minimum or maximum
across its eight neighbours and the pixels in the 3 x 3 neighbourhood at the next higher
resolution pyramid level. The test is repeated for the coarser pyramid level. Most poten-
tial keys can be eliminated by just a few comparison keeping the cost of the algorithm
low. The presence of an object in an image can then be detected by a comparison of
SIFT keys with keys from a previously set up database using a best-bin-first search.
SIFT has been extended by methods like phased-based local features [15], principal com-
ponents analysis (PCA) SIFT [43], gradient location-orientation histogram (GLOH) [64]
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and rotation-invariant feature transform (RIFT) [51]. While RIFT extends SIFT such
that is fully rotational invariant the other methods aim to improve SIFT’s robustness
against illumination change, rotation and translation. PCA-SIFT and GLOH further-
more compact the features and make them more distinctive for comparison. Recently,
Koniusz et al. [48] proposed a method in which image segments are used as bins for
SIFT features. This method has shown to produce comparable results with approxi-
mately eight times less data than traditional methods. Reducing the number of salient
points by a segmentation has also successfully been used by Zhang et al. [95]. Speeded
Up Robust Features (SURF) introduce another feature detection and comparison algo-
rithm [10]. It uses an integral image [87] in the detection and the description step of the
algorithm, which reduces computation time. The computation of the matching step in
SURF benefits from less feature vectors with lower dimension than SIFT. This makes
SURF much more efficient than SIFT, at the cost of small losses in the result quality [9].

In stereo matching the correspondence of points in two images from different view-
points is to be established. A maximally stable extremal region (MSER) is a region in
an image that exceeds a certain intensity threshold [62]. These regions are computed by
sorting the pixels of an image by their intensity. Putting the pixels back on the images in
increasing or decreasing order creates growing regions. By maintaining a list of connected
segments, an efficient union find algorithm constructs the final maximally stable extremal

regions. By definition a region @ is continuous subset of D where I : D C Z? — S and

e S is totally ordered.

e A neighbourhood relation is defined for A C D x D.

An extremal region Q C D is a region such that for all p € Q, ¢ € 0Q: I(p) > 1(q)
or I(p) < I(q), where 6Q = {qg € D\ Q : Ip € Q : qAp} is the region boundary. An
extremal region @); is maximally stable if and only if ¢(i) = %, with A € S
being a parameter of the method, has a local minimum at i. These maximally stable
extremal regions are invariant to affine image intensity transformation and therefore
can be detected in stereo images. The correspondence between the images can then
be computed by matching the set of extremal regions to find the affine transformation
that describes the viewpoint change between the images. This approach has proven to be
stable for stereo matching purposes. An improvement to MSER was proposed by Forssen
[31]. His use of a colour based descriptor has shown to outperform the original grayscale
descriptor while still being faster than other comparable algorithms. An interesting

combination of MSER as a blob based detector with SIFT as a salient point detector



Related Work 11

has been proposed by Forssen and Lowe [32]. While using the advantage of MSER the
SIFT based descriptor encodes the shape of the regions. This reduces the sensitivity to
small shape deformations making the approach more robust to illumination changes and
partial occlusions.

With the increasing diversity of feature detectors one may not easily be able to
chose the most suitable solution for a particular application. An excellent comparison
of the previously discussed feature detectors is provided in Mikolajczyk et al. [65]. A
performance evaluation of local descriptors like SIFT is done in Mikolajczyk and Schmid
[64]. A detailed comparison of SURF and SIFT implementations can be found in Bauer
et al. [9].

Shape is not only a key in segmentation based image signatures, it can also be used as
an independent feature. The Chamfer distance [71] has traditionally been used for shape
description and matching, for instance by Barrow et al. [8] and Borgefors [13]. More
recently Berretti et al. [12] used local shape descriptors to represent tokens in a metric
tree for efficient matching. Petrakis et al. [68] approximated shapes as sequences of
concave and convex segments to match them in a dynamic programming (DP) approach.

Less relevant to our domain are feature detectors based on texture. These are very
closely linked to the underlying problem they aim to solve. Texture detectors have suc-
cessfully been applied to match aerial images or detect abnormalities in medical images.
Markovian analysis [38] and wavelet transforms [85, 26, 52] have been used for feature ex-
traction. The latter became popular due to their locality and compression efficiency [76].
An approach mixing salient points and wavelet based texture detection was introduced
by Tian et al. [80].

2.1.2 Segmentation

A segmentation is a partitioning of the image into multiple regions. This transform of
millions of pixels into a few super-pixels or regions reduces the complexity in further
image analysis. It is crucial for an algorithm to encode the important properties of the
image within the segmentation. A loss of information can lead to misinterpretation of
the image in a later analysis. Since a segmentation of an image encodes the shapes of
the regions, it is especially useful for object detection or shape analysis. It is desirable
for a segment to represent objects as a whole in the image. Because objects may have
poor boundaries and pixels are not related at a semantic level, this remains a challenging

problem.
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Even if the goal of image segmentation seems to be obvious it is hard to introduce a
segmentation quality measure. This is due to the fact that for an image there is often
more than one acceptable solution. An algorithm that produces good results for one
image may not necessarily be accurate enough for another. The reliability of segmen-
tation algorithms is, besides their computational complexity, among the major issues
in segmentation. However, good segmentation, as a region based image signature, is
considered a major step towards image understanding. Therefore, segmentation is an
important field in computer vision [6, 23]. Segmentation algorithms can be character-
ized by the datastructure that they produce. We will first introduce planar algorithms
in the following section and then talk about region merging approaches that construct

hierarchical segmentation trees.

Planar

One of the possible approaches to image segmentation is to form segments by clustering
the pixels. The k-means algorithm aims to partition a set of n datapoints into k clusters
such that the datapoints belong to the closest cluster centre [53]. The algorithm starts by
randomly choosing £ initial cluster centres and assigning the datapoints to their closest
cluster centre. Close is in terms of a distance that can include colour or luminance.
The cluster centres are reassigned with the datapoints belonging to them and then,
that algorithm re-iterates. This process is completed as soon as no data point changes
its assigned cluster. Even though k-means clustering is NP-hard [58], the algorithm is
popular due to its simplicity and observed speed [7].

Another clustering algorithm is mean shift which, in its generalization, has k-means-
like algorithms as special cases [33, 20]. Given a planar Kernel function with a threshold
A

Loif flz]l < A
K(z) = 7 (2.4)
0, if [lz] > A

or a Gaussian Kernel function with a constant ¢
K(x) = ecll=l® (2.5)

mean shift locates the maximum of the density function

_ Yoses K(s—x)s
ZseS K(S - l’)

m(x) (2.6)
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by iteratively adjusting the neighbourhood s € S of z such that s <— m(s). The algorithm
completes when m(s) converges to s. Mean shift and k-means like algorithms potentially
over-segment the image. While this is not desirable in most cases and can be avoided by
careful choice of the number of segments, it is desirable to construct super-pixels. Super-
pixels can be the finest structure for another segmentation algorithm. They group several
low level pixels together in order to reduce the computational complexity of a successive
segmentation algorithm. Lately, planar segmentation algorithms that construct reliable
super-pixels have evolved, e.g., SLIC Superpixels by Achanta et al. [1].

Assuming that pixels are vertices connected by weighted edges, building a segmen-
tation becomes a weighted graph partitioning problem. This approach to image seg-
mentation is taken in normalized cuts [74]. Edge weights are based on the difference
in brightness and represent the likelihood that the pixels belong to the same segment.
Malik et al. extended this property to include cues of contours and texture differences
in edge weights. Yu and Shi [94] introduced a variation of the normalized cuts algorithm
where a partial grouping is known. This leads to a constrained optimization problem
which has applications in pathological images where the location and size of organs is
known. Another graph-based segmentation algorithm was introduced by Felzenszwalb
and Huttenlocher [29]. Besides the intensity difference along an edge of the graph this al-
gorithm introduces a quantity that measures the intensity differences of the pixels within
a segment. This greatly improves the algorithm’s awareness of fine structures while not
over-segmenting coarse regions.

The classification of foreground and background objects in images is a related prob-
lem which can be solved using segmentation. In Wang et al. [89] a multi-resolution
segmentation algorithm based on wavelet coefficients is used for this classification in low
depth of field (DOF) images. In such images the foreground object is particularly focused
while the background remains blurry. Among other methods, Deng and Manjunath [25]
use an unsupervised approach that segments an image into homogeneous colour and tex-
ture regions. Texture and colour has also been used by Chen et al. [18] in a sequential

approach where colour is used to refine a segmentation by texture.

Hierarchical

Without prior knowledge it is hard for a segmentation algorithm to determine the correct
level-of-detail. While Felzenszwalb and Huttenlocher [29] address this issue in their
segmentation algorithm, there have been many approaches to hierarchical segmentation.

These algorithms organize the segments in a hierarchy to reflect the containment of a
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segment in another. This structure forms an irregular pyramid of segments which is
equal to an object tree in the best case.

Algorithms based on region merging, region growing and split-and-merge are among
the popular approaches to hierarchical segmentation [56]. While region merging and
region growing are among the bottom-up approaches split-and-merge refines a single
segment in a top down method. In this work we focus on region merging, in particular
on the algorithm introduced by Beaulieu and Goldberg [11].

Given a set of initial segments Py = {S1, S, ..., Sy}, let B; be the neighbourhood of
S; and C;; = C(S;,5;) be the cost of merging S; with S;. The algorithm is initialized
with

k =0 (2.7)
CSs :{OZ'J' | Sj € B; and 7 > j} . (28)

Iteratively merge the two most similar segments

k=k+1 (2.9)

Cluw ZC}?&%S(Q‘J) (2.10)

P* =(P* U {S:}) N {Su, Su} (2.11)

B,, =(B,UB,) N {S,,S,} (2.12)

VS; € By, B; =(B; U {Sk}) N {S., Sy} (2.13)
CS=(CSU{Cy; | S; € By})N{Ci; |i,j=wuorv} (2.14)

and stop when there are no more merges possible. An over-segmented input is required
for the initial set of segments F,. While taking the image pixels as input is possible it was
shown that a pre-segmentation of the image, for instance with the watershed segmen-
tation [39], can yield better results. The segmentation outcome mainly depends upon
the cost function (merge predicate) C(S;,S;). This function is a dissimilarity measure
that reflects the probability that two adjacent regions do not belong to the same object.
Searching for the minimum dissimilarity choses the most similar segments as merge can-
didates. This algorithm has been criticized for its local construction by only comparing
two segments at once [56]. However due to its simplicity, the interchangeability of the
merge predicate and its history, it is widely used. Different merge predicates that pro-
vide a good image partition have been studied. Among them is Ward’s criterion [92] that

defines the cost function as the amount of error that is introduced by merging the two
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segments. In Brox et al. [14] the intensity difference along the border is used as similar-
ity measure. A predicate based on the Minimum Description Length principle has been
presented by Haris et al. [39]. A probabilistic predicate based on the size, luminance,
chrominance and shape of the segments was introduced by MacDonald [57]. Let g be the
distribution of all splits of S into L and R. This distribution is defined as a combination

of the four individual distributions
q(S, L, R) :=Gsize (S, L, R, Wsize)
X Qluminance (S, Ly R, Wiuminance)
X Geolour (S, Ly R, Weslour)
X Gshape(Ss Ly R, Wshape) (2.15)
where the parameters Wsize, Wiuminance, Weolours Wshape are pre-determined constants. Each of
the distributions model a particular property of the segments. The visual characteristics

of segments are its size in pixels, its mean luminance and chrominance (in LUV colour

space) across its pixels and its boundary length to its neighbour. A beta distribution

1
B(z,o, ) = —a° (1 —z)! 2.16
(@0.8) = oy (0= (216)
with B(a, 3) being the normalizing beta function is used to model the size distribution
L . Wsize—1 R . Wsize—1
size Sa L7 R7 size) — Csize — i . 2.17
4 ( “ ) : ( Ssize ) ( Ssize ) ( )

where ¢g,e is the normalizing constant and Sg,e = Lgize + Rsize. For both, luminance and
chrominance, a Gaussian distribution

1 _ (p—x)?

e 202 2.18
vV 2mo? ( )

G(z,pu,0) =

is used to model the probability functions

2 2
_ (Liuminance ~Sluminance)” Lsize + (Bluminance ~Sluminance)” Bsize
28

izeW .
s1z€luminance

qluminance(sa L, R, wluminance) =Cluminance®
(2.19)

2 2
_ (Leolour —Scolour)” Lsize  (Reolour ~Scolour)” Rsize

Seizew?
QCOIOHI”<S7 L» R7 wcolour) =Ccolour€ ?Ssize@colour ) (220>

with Cluminance and Ceolour being the normalizing constants. A description language is
taken to model the shape distribution. Let C' be the length of a message required to
address the boundary between L and R, then

- log(QShape(S7 L7 R7 Wshape)) - C + Wshape(Rshape + Lshape + Sshape) (221>
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is the shape probability function. The probability of S being split into L and R is
computed along all possible merges of L and R. Then the most likely split

max (S, L, R) (2.22)

is evaluated and the corresponding merge is performed. This merge combines the two
segments L and R that have the highest probability of belonging to the same object.
We may also invert this likelihood to form a dissimilarity predicate that can be used
with the previously presented algorithm. The likelihood depends on the pre-determent
constants w which have been evaluated by MacDonald [57]. This optimization uses the
ground truth of human segmented images to find optimal values for the constants.
Other approaches based on region merging have been introduced by various authors.
Even if their algorithms slightly differ from the previously presented one their main
contribution is the dissimilarity measure. In Ahuja [2] a force field is defined for each
image region. Regions are attracted to each other by analyzing their respective common
border and edges are detected between them. Arbelaez [4] introduced an ultrametric
distance measure to model region boundary dissimilarities. This dissimilarity measure is
modelled using a hierarchical segment operator to construct an ultrametric contour map
(UCM). Experimental result have shown that the algorithm, initialized with an oriented
watershed segmentation, outperforms other recent segmentation algorithms [6]. Due to

its construction from contours it is also very effective for object boundary queries [5].

Evaluation

The results of segmentation algorithms are not easily evaluated. The judgement of a
segmentation by humans is very subjective because most of the time there is not only
one correct solution. Clearly, major objects should belong to their own segment, but we
cannot easily classify the importance of them. For this reason, there have been methods
proposed to evaluate segmentations. The evaluation is based on comparison between a
segmentation and some ground truth. The ground truth can either be images segmented
by different human subjects or the segmentation from a previously accepted algorithm.
There are different databases of images available for comparison. Among the popular
ones are the Berkley Segmentation Dataset (BSDS) [60], the PASCAL Visual Object
Classes [27] and the Caltec-101 [28] dataset. Beside a broad selection of natural images,
they provide human segmented ground truths and classifications of the images.

To evaluate the quality of a segmentation S, it can be compared to a ground truth

G, or a set of ground truths GG;. The Rand Index, originally introduced for evaluation
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of clustering, is one approach to segmentation evaluation [69]. The method sums up the
pairs of pixels that belong to the same segment in S and G with the ones that do not
belong to the same segment. The sum is then divided by the pairs of pixels in the image.
The Probabilistic Rand Index is an extension to the Rand Index capable of measuring
the quality with a set of ground truths. We define ¢;; as being the event that pixels ¢
and j have the same label and p;; the probability of this event, then the Probabilistic
Rand Index is

i<j

The covering of two segmentations S, S” is defined as

/
C(s' Z|R| max O(R,R) (2.24)
Res
where ROR|
N= ———— 2.2

is the overlap of two regions R, R' and N is the total numbers of pixels in the image
6, 59]. The quality of a segmentation can either be evaluated by covering S with a
ground truth G or the other way around. Given a set of ground truths the average value
among all coverings can be taken. This way a good segmentation explains all the ground
truths.

The precision-recall boundary evaluation method by Martin et al. [61] is among other
popular evaluation methods . Their approach measures the fraction of boundaries de-
tected by a segmentation algorithm compared to the ground truths. Another method
introduced for clustering comparison is the Variation of Information approach [63]. Tt is
a measure for mutual information between two clusters. In theory the approach shares
some interesting properties, but as Arbelaez et al. [6] noticed it is less suitable for seg-
mentation evaluation. This is mainly due to its unclear perceptual meaning and issue

with multiple ground truths.

2.2 Image Similarity

In content-based image retrieval, stereo vision and other fields of computer vision a
similarity measure between images is required. Since the raw data of the images cannot

be compared directly, a signature, in the form of a feature vector or a segmentation, is
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necessary for a comparison. A wide range of measures have been proposed to evaluate
image similarity. Among them are vector distances, measures in a nonlinear manifold,
stochastic or fuzzy measures and even approaches based on supervised or unsupervised
learning. While the approaches aim to agree with the semantics they should be robust to
noise, computationally efficient and invariant to the background. They are dependent on
the chosen feature extraction algorithm and sometimes can not even be cleanly separated
from it.

The most obvious similarity measure can be computed with the Euclidean distance
of two single feature vectors in linear space. A more accurate distance measure of sin-
gle vectors can be achieved by searching for a nonlinear manifold in which the feature
vectors lie. The Euclidean distance can then be replaced by a geodesic distance measure
improving the comparison results. The fact that single feature vectors are quite limited
in their representation of a whole image makes this distance measure not very accurate.
This limits the field of single vector measures to applications where small computational
complexity is required. More advanced similarity measures use region based signatures
or a summary of local feature vectors [23]. Both are discussed in the following paragraph.

An image signature presented in the form of a set of feature vectors is extracted from
the image either by a segmentation or a feature detection algorithm. Let us weight each

feature in the set z; with a weight p;, then the representation of an image is

L = {0, 00, (287, 05, oy (20, p)Y (2.26)

Given two images I; and I, the similarity measure D(I;, I5) has to be computed by the
similarity algorithm [23]. The integrated region matching (IRM) approach introduces
weights s;;, with 1 < i < n; and 1 < j < no, in a significance matrix S [91]. These

M with 2*

weights indicate the significance associating z; ;- The weights are subject to

the following constraints

n2

Zsi’j = pZ,Z = 1, N (227)

=1

ni
Zsi,j =pj,J=1..,ny . (2.28)
i=1

The weights are normalized with ) . pgl) =2 p§2) = 1. A measure for the distance d

Z-(l) and zj(?)

be different depending on the application, Wang et al. [91] proposed a measure based on

between two feature vectors z is required. While this distance measure might
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colour, texture and shape of the segments. The distance of the two images I; and I in

their SIMPLIcity system is computed by
DI, L) =YY " sid(zV, =) (2.29)
i

Their recursive most similar highest priority (MSHP) algorithm maximizes the weights
sij such that the lowest distance D(Iy, I) is assigned the highest weight. Alternatively,
the earth mover’s distance by Rubner et al. [72] proposed an optimization approach
to determine the weights s;; under constraints 2.27 and 2.28. Given that p;,p; are

probabilities the earth mover’s distance is equivalent to the Mallows distance which is

defined as
D(I, L) =min Y Y syyd(2V, 2P) (2.30)
i g

Si,j

A clustering of summarized local features is required for a comparison of images using
the earth mover’s distance. Such a clustering is presented by Grauman and Darrell [36]
and has shown to be an effective approach to image matching.

In Ko and Byun [47] the Hausdorff distance was used as a measure of similarity. This
distance matches every vector zi(l) from image I; to the closest vector zj(?). Among the
matches, the one with the closest distance is taken as the similarity measure. For the
distance to be symmetrical it is computed in both directions, from image I; to image I,

and from image I to image I,

D(I1, I5) = max(miax mjin d(zgl),z]@)),m]ax miin d(z](?),zi(l)) . (2.31)

Instead of an image to image distance, it may also be desirable to have a region to
image measure. In content-based image retrieval this allows the user to specify a region
of interest to find similar images in a previously set up database. The Blobworld system
uses an expectation maximization (EM) algorithm to segment an image into blobs [16].
Each blob b is represented by a colour-texture feature vector v. Given a query blob b;
the most similar blob, among every blob b; in the database, has a score

(wi—v) T S(v;—vy)

[; = maxe 2 . (2.32)
j

The matrix > contains user adjustable weights for colour and texture features. Using

fuzzy logic, the Blobworld system is able to handle compound queries.
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2.2.1 Hierarchical

Image signatures in the form of a hierarchical segmentation are particularly useful for
image similarity tasks. The previous approaches are only able to use geometric and
photometric properties of the regions. This is due to the fact that objects may not appear
at the same position in the different images. Therefore, only little structural information,
such as the neighbourhood, can be used in comparisons. Hierarchical segmentations, in
particular the ones based on region merging, contain more structural information in
their region tree. The tree represents a segmentation at different scales and contains
the merge history of the segmentation. Image similarity computation changes from a
computer vision problem to a tree matching problem when region trees are solely used
for image similarity computation.

Early work on the advantages of tree matching was performed by Cohen et al. [21] in
stereo image matching. In more recent work segmentation trees are often enhanced with
additional nodes and edges to form a graph. One possibility to interconnect the neighbour
nodes is to construct a connected segmentation tree (CST) [3]. Such a tree becomes a
hierarchy of region-adjacency graphs which preserves the parent-children relationship. It
has shown that this data-structure is efficient for image matching. Another possibility
is to construct a directed acyclic graph (DAG) by augmenting the segmentation tree
[83]. New nodes are inserted wherever adjacent sibling regions are embedded in the same
parent. Additionally, a connection between each region and all its children is added to the
graph. The graph matching is then computed by the maximum subtree isomorphism [84].
That is the number of operations necessary to transform one subtree to match another.
The possible operations include remove, insert, merge, split and match. Since insert
and split are duals of remove and merge, only the later ones are applied. Matching cost
between nodes is computed using the region’s visual properties, such as brightness and
shape. The image matching allows one-to-one, one-to-many and many-to-many node
correspondence. In the follow up work of Todorovic and Ahuja [82], scale invariance
was added to this approach. This scale invariance looses the dependency on the graph
structure. It accounts for regions that are not present in either one of the graphs due to
scale variation.

In object detection and classification Todorovic and Ahuja [81] used a modified version
of the matching algorithm from Wilson and Hancock [93] for unsupervised categoriza-
tion. Their system searches for the maximally matching subtree when a query image is

compared to a labelled image from the database. The subtrees are maximally matching
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when their structure is most similar and the cost between regions is minimal. The cost
between regions is measured by their photometric and geometric similarity. Another
approach to object detection is presented by Gu et al. [37] in their work based on the
segmentation algorithm of Arbelaez et al. [6]. For an object a “bag of regions” is con-
structed by collecting the regions at every node of the tree. Each of the elements in the
bag is then assigned a weight, describing their importance to the object. The weights
are stored for a collection of training images. When detecting objects in a query image
the presence of regions is verified according to their assigned weight. This way an object

may still be classified correctly even if minor parts are missing.

2.3 Summary

In this chapter, we discussed some of the available image signatures and similarity mea-
sures. It depends upon the usage which of the image signatures and similarity measures
is the most suitable for a computer vision system.

Two types of image signatures are available as presented in Section 2.1. While feature
detectors focus on salient points in the image, segmentations partition the image in order
to provide a set of regions. When this partitioning is done recursively a hierarchical
segmentation is constructed in which regions are contained in each other. Both, feature
detection and segmentation, are suitable image signatures because they provide a high
level representation of the image.

In Section 2.2 different image similarity measures are shown. Most of these mea-
sures depend on a particular image signature whose quality influences the accuracy of
the similarity measure. The distance between feature vectors is a popular measure of
similarity that is used by many approaches. These approaches often work in conjunction
with feature based image signatures. Region based image signatures are explored with
hierarchical similarity measures that compute the similarity between images based on
the similarity of the structure of their regions.

In this thesis we will use hierarchical segmentations as our image signature and a
similarity measure based on the region properties. With this similarity measure the
correspondence between regions is established. This correspondence is refined using the

hierarchical structure of the segmentation.



Chapter 3
Descriptive Segment Filter

In earlier chapters we have discussed the extraction of features in natural images and
have seen that it is a very challenging problem. The feature space is often very large and
makes further processing an expensive task. Our approach reduces this feature space
such that algorithms can work more efficiently. This is a challenging problem because
important features need to be preserved while others can be discarded.

We have chosen to use a segmentation as our image signature. Segmentations have
a broad field of application and, in particular, were used for image matching before
21, 34, 35, 67, 81, 82, 83]. As discussed in Section 2.1.2 segmentation algorithms may
produce either, flat and hierarchical groupings. While a flat segmentation algorithm that
partitions an image into a given number of segments can be used to calculate an image
signature, we argue in this thesis that, a hierarchical algorithm is more suitable for image
matching. Only with hierarchical segmentations small, but representative, portions of
the image are preserved. The disadvantage of hierarchical segmentations is the larger
number of segments that need to be processed, e.g., by an image matching algorithm.
The goal of our filtering is the reduction of the available segments to a much smaller set
of descriptive segments. Since these descriptive segments become the image signature
they need to contain the unique properties of the image. The challenge is the reduction
of the available segments to the ones that describe the image optimally. Such an optimal
description contains segments that can also be found in optimal descriptions of images
of the same scene. By having matching segments in both descriptions, we will show in

Chapter 4 how to match these images.

22
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3.1 Definition of Descriptive Segments

A hierarchical segmentation is an unsupervised partitioning of an image into a large
number of segments. The granularity of these segments range from fine to coarse, from
(super-)pixels to areas respectively. In this structure a segment is composed of its children
or is a (super-)pixel. Many of these segments are intermediate segments, meaning they
only exist as part of a larger object or area. These segments are not of interest to
further tasks, like image matching, because their information is contained in their parents.
Among the parents of an intermediate segment there might be a segment that represents
an object or another distinct part of the image. Let us define the properties of these

segments as follows,

1. Interior similarity: The children within the segment are very similar to each other

and to the segment itself. This includes similar brightness, colour and size.

2. Exterior dissimilarity: The segment is very different to its surrounding. This in-

cludes dissimilar brightness, colour and size.

We argue that segments fitting this definition should be part of the image signature.
Let us call them descriptive segments. This definition generalizes maximally stable ex-
tremal regions by including colour and size of the segments. The interesting property of
descriptive segments is their stability. Their appearance may change when the viewpoint
or illumination differs between images of the same scene, but this will not affect their
interior and exterior properties. Segments that possess these independences are particu-
larly useful for image representation. They describe the unique properties of the image

which can also be found in other images of the same scene.

3.2 Segment Properties

Let us have a closer look at segment S in segmentation P of the image I. With whatever
algorithm I is segmented, all segments in P share a common set of attributes. Since a
segment is always composed of its underlaying pixels we let |S| be the number of pixels
in S. Each pixel p in [ is defined by its position (x,y) and its colour p,4 in RGB colour

space. The mean colour of S is

Zx,yES Prgb (Iv y)
|5

Sy = (3.1)
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In comparison to the RGB colour space the L*a*b* colour space is a three dimen-
sional perceptually uniform colour space with L* being the lightness dimension and a*b*
being the colour-opponent dimensions. In this colour space luminance L* is separated
from chrominance a*b* making individual analysis of segment luminance Siyminance and
segment chrominance Scprominance POssible. The conversion from RGB to L*a*b* colour
space requires several steps due to the non-linearity of the colour spaces [75]. RGB values
are gamma corrected by default and have to be linearized before being transformed. The

following inverse gamma function is used for this correction, so

1+ HC9—f, fort<C <1
Gr(C) = ( ) . (3.2)
s-C, for0<C <t

Using the HDTV-RGB standard (ITU-R BT.709) the constants are g = 0.45, f = 0.099,
s =4.5 and t = 0.018. After the RGB values have been linearized they are transformed

to the XYZ colour space by the following matrix multiplication

X 0.4124 0.3576 0.1805] [Gr(R)
Y| = (02126 0.7152 0.0722| |G+(G)| . (3.3)
7 0.0193 0.1192 0.9505| |G(B)

The white point of the conversion shall be the CIE Standard Illuminant D65 defined as

D, 0.9504
D,| = [1.0000| . (3.4)
D, 1.0889

With the help of the non-linear function

rs, for r > 0.008856
f(r)= : (3.5)

LISTrels  for 1 <= (.008856

the coordinates in XYZ colour space are transformed to the desired L*a*b* colour space

by ) )
X
L+ 0 116 0 —16 f<[;>
ol = 500 —500 o o ||’ <7> (3.6)
b 0 200 —200 0 f(,%)
1
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Due to the non-linearity of the colour space the Euclidean distance between two
colours accounts for their perceptual change [75]. Given the average colour, the variance

of the pixels in S is
Zw,yeS pL*a*b*(:E? y) — SLrasbs
5] =1

The variance is a measure for the similarity of the pixels within S. The more pixels differ

S, = (3.7)

from their mean colour the more perceptually variant the segment is.

3.2.1 Cost

In our model of a hierarchical segmentation each segment S is composed of two children
S; and S, or it is a leaf. The cost S, is related to the probability that the two children
S; and S, are merged to S at time ¢t. Region merging or growing algorithms make use
of such merge costs in their computation. The cost has interesting properties for the
purpose of filtering. It reflects how likely it was to combine the two children to form
S. Searching for unlikely merges may help us find the descriptive segments because the
combination of two distinct segments is rare and by definition descriptive segments are
distinct from their surrounding.

We use a combination of individual costs from the hierarchical segmentation crite-
rion by MacDonald [57] introduced in Section 2.1.2. The cost is composed of Gruminance
(ehrominance @and depending upon the usage of ¢g,.. The two costs used in this work are

2 2
_ (Sllnminan(‘o_sluminanrr\) ‘Sl ‘+(Srluminan(‘r‘_Sluminan(‘(\) |Sr|

2\5‘\4;.)12 .
uminance

Slc = Cluminance®
S,

2 2
chrnminﬁn(’@) Isl ‘+(Srchrnmin'\nrpfschrominﬁnmﬁ) |Sr]

2‘S“'Jghrominancc (38)

_ (Slchrnminanrp -

+ Cchrominance€©

B ’Sll Wsize —1 ‘Sr| Wsize—1
Slcs — Slc + Csize ( ’S‘ ‘S| . (39)

The parameters of the cost function were empirically determined to be

{Wluminancea Wchrominance wsize} = {17 1; 07} (310)

and

with
Cluminance = Cchrominance = Csize = 1 - (3.11)
These parameters have shown to map the difference between the segments realistically.
Independent of the segmentation criterion the cost is a measure for the similarity
between the two children of S. We will later show that analyzing the cost can help us

find descriptive segments.
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Normalization

When we compare the cost of merging small segments with the one of merging large
segments, we notice an increase in the order of magnitudes. With increasing segment
size each cost component becomes larger. Because the size component in Equation (3.9) is
directly dependent on the segment size, this increase is no surprise. With larger segments,
the number of pairs of segments considered for merging diminishes in region merging,
and increasingly expensive merges need to be selected. This implies that segments with
a large luminance and chrominance cost are merged, which explains the increase of these
two components.

A normalization is required for the cost of small segments being comparable with the
one of large segments. Nock and Nielsen [66] in their work on statistical region merging
(SRM) perform such a normalization to adjust the threshold of the merge predicate.
Given two adjacent regions S and T, with their average colours S and T, they can be
merged if the threshold b(S,T) > |S — T| is not exceeded. Having an image in RGB

colour space the threshold is computed for each of the colour channels individually. The

threshold
1 /1 1 2
b(S,T) = gy| — —+—)ln— 3.12
1) Mzc;(m () " 12

is a function of the region size and the constants g, @) and 6. Using an RGB image [

with |/] pixels the constants are 0 = for the image size normalization, @) = 32 for

6|1 6/1]?
the colour space quantization and g = 256 is the colour space depth for 8 bit images.
Let us assume a comparison of the cost of two regions S and T is required. Without

loss of generality we compute the boolean comparison of S. < T, by normalizing both

costs
S.-b(S,, S,) <T. - b(T},T,) (3.13)
1 1 1 1 2
3.15
%\ Tsil 5T < (3.15)

Since the variables ¢, (), g are positive constants across the image they get cancelled in
the inequation above. All that is left is the normalization by the size of segments S and
T, respectively their children 5;, S, and T}, T;..
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3.3 Queue-based Approach

The core of region merging algorithms, such as the one by Beaulieu and Goldberg [11]
presented in Section 2.1.2, is a merge queue. This queue contains every possible merge
of two adjacent segments with an associated cost given by the properties of the two
segments. Most cost functions, like the one used by MacDonald [57], define the cost as
a dissimilarity measure where the appearance of the segments play an important role.
Merging the two segments with the lowest dissimilarity in the queue combines the two
most similar segments in terms of the defined cost function. The measure of cost has,
consequently, great influence on the resulting segmentation. We claim that the analysis
of the merge order and the merge cost for the two segments at merge time ¢ will let us

find the descriptive segments.

3.3.1 Cost Analysis

A hierarchical segmentation often comes with information about the time of merge ¢
for each segment. Given this information it is possible to reconstruct the history of
merges. For each merge in this history we reconstruct its theoretical merge cost Sj.s. The
necessary luminance, chrominance and size parameters can be computed directly from
the image without further data from the segmentation. We use this cost to measure the
visual implications of a merge. Even if the exact cost function used by the segmentation
algorithm is not known this gives us a measure of the probability for the combination
of two segments. Since the history does not contain information about the unperformed
merges we are unable to reconstruct further information, such as the mean of the merge
costs at any point in time. Without such information we can only rely on the cost history
itself for our analysis.

Figure 3.1 shows an example of such a sequence of merge costs from an example
image. The upper bound of this history seems to be limited by an exponential curve.
We can explain this limit by the fact that with increasing segment size less merges are
available for consideration, meaning a merge of less similar segments is required. The
cost is additionally dependent upon the segment size which increases as well. While the
upper bound of our cost is limited the lower bound is not. This implies that a merge of
two quite similar segments is possible at any time during the history.

Our descriptive segments as defined in Section 3.1 are uniform in terms of their
interior. Let us assume D is such a descriptive segment. The pixels within D will be

similar making it very probable that D is assembled by the segmentation algorithm.
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Figure 3.1: The Sj. cost at the time of merge ¢t for each segment S. The data is
reconstructed from the bikesl example image introduced in Appendix A.

Once D is put together the merge queue will contain all possible combinations of D
with its neighbours. Assuming the cost function used by the segmentation algorithm
includes appearance-based properties, like brightness and colour of the segments, then
it will be expensive to merge D with one of its neighbours. This lets the segmentation
algorithm perform cheaper merges before combining D with a neighbour. At the time
when there is no cheaper merge available, D has to be combined with a neighbour to
form D,. This brings together two dissimilar segments and we will notice a high cost
in our merge sequence. Since there is only a limited number of such merges within the
history we should be able to detect them by a successive analysis of the reconstructed
cost.
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3.3.2 Outlier Detection

The history of every segmentation is different and with it is its cost. The absolute value
of the cost is dependent on the similarity and the size of the segments. In Figure 3.2
an extreme example of cost values is shown. They remain near zero before increasing
rapidly for the last few merges where the squares are combined. In comparison to the
example of Figure 3.1 maximum cost values are about fifteen times higher for an image
that has approximately ten times less segments due to its size. This significant difference

of absolute cost values require a local examination of the cost.
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Figure 3.2: The cost of the merges stays relatively low while the squares are assembled.

For the last merges the cost increases rapidly because the squares get combined.

As discussed earlier we notice a potentially exponential upper bound of our cost. We
could fit an exponential curve in the form of a - e** to this boundary, e.g., using non-
linear least squares. However, analyzing the descriptive segments in their merge history
shows that a global reconstruction of this curve is not required. In Figure 3.3 we see
two descriptive segments at the time of their merge with a neighbour. In both cases the
cost is a local maxima across its preceding merge costs. There is no need to construct
an approximated upper bound of the cost to identify these merges. A statistical analysis
will most likely be more accurate than using a distance measure from an approximated
upper bound.

Given the discrete cost samples in a merge history we use outlier detection to find
the local maxima. A merge cost is an outlier if it is distant from other costs in a local

set (). Let us construct the local set
Q= Sies,Vj €1 —q...i (3.16)

with the costs of a potential outlier at position 7 in the merge history. The size of this

set |@| is controlled by the constant ¢ which was chosen to be ten in our evaluation. The



Descriptive Segment Filter 30

10,115 10,120 10,125
t

10,02‘0 10,028 1.0,030 10,035 10,040

t

Figure 3.3: The perspective cost of two descriptive segments at the time of their merge
with a neighbour. The merge cost is a local maxima across its preceding and successive
merges. The example shows the analysis of the bikesl image from the experimental
dataset.

cost at position 7 is an outlier if it is very distant from the other elements in ()
Slcsi > Slcs]-vj € Qv] 7&2 : (317>

Methods of outlier detection make only small assumptions about the distribution of the
samples since an outlier can occur by chance in any dataset. This is beneficial to our
approach since we are not able to determine the underlaying distribution of the cost
values. It is important to notice that an outlier is not removed from the original dataset
and is available in subsequent sets of (). Next we will present three different approaches

towards outlier detection.

Deviation from Window Mean

A simple form of outlier detection is by using the deviation from the mean. Under the
assumption that the samples are independent and Gaussian distributed let us compute
the mean (), and standard deviation @), for the costs S;.; € (). The cost S, is an

Stesi — Qu >0, . (3.18)

Qo
The constant Oy is the minimum deviation threshold. The larger this threshold the

outlier if

further away from the mean an outlier has to be to be. Thresholds lower than one are

not recommended since outliers are then less than the standard deviation away from
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the mean. In Table 3.1 the influence of the threshold is evaluated using a subset of
our dataset introduced in Section 3.5.1. On the one hand we see that for these images
thresholds Oy > 2 are too limiting, meaning not many segments pass the filter. On
the other hand we argue that a threshold of O; = 1 is too liberal considering the huge
number of segments that are classified as outlier. The threshold O; = 1.5 is a reasonable
alternative and will be our choice for the evaluation in Section 3.5.5. An example where

this outlier detector has been applied is shown in Figure 3.4.

Os=1 | O04=151| 0;=2 | O;3=3 | Og=14
I PL_[IDI[IF] 12l [1F] (120l [1F1 [ 12l [IF1 [ 120l |IF1] 120l
backyardl | 10221 | 9 2342 | 2 1002 |1 3891 63 |1 14 |1
bikes1 10147 (22 2282|110 |1169|7 52114 100 | 3 32 |0
boesch2 10387 |8 2379 | 4 1049 |2 41012 64 |0 13 |0
graffitil 9804 |10 |2183]1 891 |0 32110 50 |0 15 |0
home3 10095 |16 | 2297 |5 1036 | 4 43912 79 |0 20 |0
house2 10246 |10 | 2367 |7 1090 | 3 468 | 1 10210 36 |0
Leuvenl 10250 |10 | 2287 |2 1043 |1 41710 68 |0 17 |10

Table 3.1: Evaluation of the threshold O, using images from the experimental dataset

introduced in Section 3.5.1. Please refer to Section 3.5.3 for the definition of the symbols.

Chauvenet

Another method based on the assumption of independent Gaussian distributed samples
is Chauvenet’s criterion [17]. By using the sample size, mean, standard deviation and
Gaussian error function er f(x) the probability p of the sample having the given value is

computed as follows

p= erf(—SlgU?/_QQ“) : (3.19)

Let O, be the threshold, then S;., is an outlier if
p- |Q| <0, . (3.20)

The typical value of the threshold O, is 0.5. According to Chauvenet, samples with lower
probability are very unlikely to occur and are outliers. Figure 3.5 provides an example
filtering result with the Chauvenet criterion. The performance over a comprehensive

dataset is evaluated in Section 3.5.5.
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Figure 3.4: Visual result of the deviation based outlier detector for the bikesl image from
the experimental dataset. The standard segmentation algorithm is used to partitioned
the image into 10’147 segments. These segments, shown in the left image, were filtered
by the deviation based outlier detector. The result in the right image contains 1’169

potentially descriptive segments.

Q Test

For the Q Test by Dean and Dixon [24] the samples in the set @) are ordered by their
cost value. The relation between the closest value in ) to S, to the range of all values
in () is compared to a predefined table of confidence values. There are three different

confidence levels provided by Dean and Dixon as shown in Table 3.2.

Number of samples

Confidence level | 3 4 5 6 7 8 9 10
90% | 0.941 | 0.765 | 0.642 | 0.560 | 0.507 | 0.468 | 0.437 | 0.412
95% 10.970 1 0.829|0.710 | 0.625 | 0.568 | 0.526 | 0.493 | 0.466
99% 10.994 1 0.926 | 0.821 | 0.740 | 0.680 | 0.634 | 0.598 | 0.568

Table 3.2: Q Test thresholds for different confidence levels and sample sizes.

Given the sample size || and the confidence level the threshold O, can be evaluated.
Let us assume S, is the cost closest to Sjs,, then S, is an outlier if
Slcsi - Slcsk
max (@) — min(Q)

The approach is most suitable for small datasets because the threshold O, changes with

>0, . (3.21)

the sample size. The approach is based on the ordered data samples drawn from a
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Figure 3.5: Chauvenet’s criterion was used in this example of outlier detection for the
image bikesl from the experimental dataset. Like in Figure 3.4 the original image was
segmented by the standard segmentation algorithm. In comparison to the deviation
based filtering Chauvenet’s criterion is more restrictive and finds only 879 potentially

descriptive segments. These are shown in the right image.

Gaussian distribution. Like the previous methods of outlier detection such a distribution
of @ is to be assumed. Table 3.3 shows experimental results using different confidence
levels. We see that even for the lowest confidence level only a few segments are classified
as outliers. For this reason we use the 90% confidence level in our evaluation. An example

using this confidence level is presented in Figure 3.6.

3.3.3 Choosing the Segment

With the queue analysis and outlier detection we are able to identify particularly expen-
sive merges. These merges combine two neighbours S; and S, to form a new segment
S. In order to find the descriptive child one has several approaches. The analysis of the
variance is one of those. According to our definition of descriptive segments in Section 3.1
their interior is uniform. The child whose variance is lower matches this definition better
because pixels in this segment are more similar to each other than in the other segment.
The selection of the descriptive segment by cost follows the same argumentation. The
cost is a measure for dissimilarity between two segments which means that it is lower
for the child of S whose children were more similar to each other. In our experiments,
however, we found that choosing the smaller of the two children of S leads to the best
results. In comparison to the variance and cost criteria the size criterion incorporates the

exterior property of the descriptive segment definition as well. The merge of a segment
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O, =0.412|1 0, = 0.466 | O, = 0.568
I [Pl |IDIIF] 2o [IF] |20 | IF]|1Z0]
backyardl | 10221 |9 |137|1 106 |1 61 |0
bikesl 10147122 |147|1 1080 71 |0
boesch2 |10387 |8 [146|0 12910 93 |0
graffitil ~ |9804 |10 [138|0 11010 69 |0
home3 1009516 1300 10710 74 10
house2 10246 |10 | 168 |0 14210 83 |0
Leuvenl [10250 |10 |158|0 123 (0 73 10

Table 3.3: Evaluation of the threshold O, with the sample size |@)| = 10. The thresholds
represent confidence levels of 90%, 95% and 99%. The presented data is computed using
images from the experimental dataset introduced in Section 3.5.1. For the definition of

the symbols please refer to Section 3.5.3.

that is uniform in its interior and unique among its neighbours is avoided for as long as

possible. This delay is seen by the difference in size between S; and 5.

3.4 Two-phase Approach

In this section we present a second approach to descriptive segment filtering. This ap-
proach is solely based on the segmentation hierarchy and does not require information
about the merge history. This makes it independent of the used hierarchical segmen-
tation algorithm. The filtering is split into two phases. In the first phase a selection
of potentially descriptive segments are found. In the second phase these potentially de-
scriptive segments are ordered by their relevance to the image. We will later show that
with the right selection and sorting criteria descriptive segments will be among the most

relevant segments.

3.4.1 Selection

The input to our first phase is a hierarchical segmentation. We assume this hierarchy is
represented by a binary tree where each node has two children or is a leaf. Leaves should
represent pixels or super-pixels and be the smallest unit in our segmentation. A bottom

up segmentation algorithm, such as region merging or region growing, builds a hierarchy
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Figure 3.6: In comparison to the deviation and Chauvenet based outlier detectors the Q
Test criterion is very restrictive. In this example of the bikesl image from the experimen-
tal dataset only 147 segments were classified as potentially descriptive. The other two
outlier detectors find more descriptive segments on the same example as shown in Figure
3.4 and Figure 3.5. Visually this difference can be seen by comparing the rightmost

image of the three figures.

that results in a single root segment. The selection algorithm will visit each segment in
this tree by traversing it from its root. Without being too restrictive it will decide if
a segment is descriptive. This decision is based on the information available about the
segment and its parents. This includes structural relationship in our selection. Since
selection is a filter to the following sorting phase it should not be too restrictive. It is
more desirable for a non-descriptive segment to pass the selection than for a descriptive
segment to get discarded. While in the first case the sorting might penalize the segment,
in the later case it is not available anymore.

Different strategies are possible to evaluate if a segment S in the segmentation hier-
archy might be a descriptive segment. We present three of those strategies that depend
on the relationship between S, its parent S, and possibly its grandparent S,,. A com-
bination of these strategies were used to evaluate the selection performance and will be

presented later.

Variance The pixel variation of uniform segments are relatively small. When such a
segment gets combined with a neighbour the variance jumps due to the broader
spectrum of pixels in the segment. In this case the variance increases from S to
its parent S,. When selecting by variance, segments are chosen that show such an

mcrease.
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Size Many segmentation algorithm aim at an approximately balanced merge tree and in
such a tree all segments at a given height in the tree have similar size. A descriptive
segment that is distinct from its neighbouring segments, remains stable over many
merges and therefore its size will fall behind its neighbours. until it will be combined
with a neighbour, but then their neighbour will be a much larger segment. This
property is exploited when selecting by size. The multiplier m = % has to exceed
a chosen threshold for a potentially descriptive segment to be selected. In Figure

3.7 such a selection is presented for an example image.

Cost The cost introduced in Section 3.3.1 measures the dissimilarity between two neigh-
bour segments. In segmentation algorithms such dissimilarity measures are used to
determine the merge order. The dissimilarity measure provides information about
how likely it was that two segments were combined. For the following methods of

selection we use both the S, and S).s cost functions.

Increase When using a dissimilarity measure for selection we notice two prop-
erties that a descriptive segments fulfils. First, the children of a descriptive
segment are similar which means their dissimilarity measure, or cost, will be
low. Second, a descriptive segment is very different to its neighbours implying
a high parent cost. A segment is, therefore, potentially descriptive when its

parent cost is higher than its own cost.

Decrease An interesting evaluation is by selecting the counter argument of the
one above. Given the previous theory this should select the wrong segments.

We will see if this holds in our evaluation.

Peak The peak selection is an extension of the selection by increasing cost. We
assume S is a descriptive segment that is combined with a highly dissimilar
neighbour to form S,. For a segment to be descriptive it should be outstanding
in its neighbourhood. It is uncommon for a parent of a descriptive segment
to be descriptive as well. For this reason S, should be more similar to its
neighbour than S was, meaning the cost of S and S, are lower than the one

of Sp,. This makes S a descriptive segment when there is a peak of the cost at

S,.
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Figure 3.7: The size selector with a threshold of m > 3 has chosen 1’762 segments for
the bikesl image from the experimental dataset. We see these potentially descriptive
segments on the right and notice that it is covered completely. This is due to the
hierarchical segmentation of the image. The filtered image is coarser in comparison to
the segmentation shown in the left image. This segmentation is computed using the
standard segmentation algorithm from the original image given in Appendix A. The
visual difference between the segmentation and the selection is not large, but we can see

the change for instance at the floor where the segments are coarser.

3.4.2 Sorting

The input to the sorting phase is an unordered set of possibly descriptive segments
extracted by the selection phase. This unordered set is sorted by the descriptiveness
of the segments such that the most descriptive segments appear at the top of the list.
By traversing this list in order the most relevant segments can be extracted for further
processing.

The order is evaluated by comparing the properties of two segments with each other.
These properties include the visual and structural information, such as variance, size
and cost, in the comparison. In contrast to the selection phase, where the comparison is
done between a segment and its parent, in the sorting phase the properties are compared
between two unrelated segments. This requires sorting criteria that do not favour small
or large segments.

For sorting a total order of the segments is established by comparing segment proper-
ties. Given two segments S and T these properties can either be compared relatively or
absolutely. While in absolute comparison the properties are directly compared between

S and T, in relative comparison the relationship of S to S, and 7" to T}, is determinant.
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Without loss of generality let us assume S is more descriptive than 7', meaning S > T
We propose the following comparators for sorting and explain why they are suitable for

this purpose.

Variance (relative) The variance will increase when a descriptive segment, whose vari-
ance we assume is low, gets combined with one of its neighbours. Given two seg-
ments the one whose difference is larger is more descriptive than the other because
it was more uniform before the merge. The variance of a segment is independent

on its size and can be used as criterion by S, — S, > T, —T,.

Size (relative) Size is a good indicator of segment stability. The merge of a descriptive
segment with a neighbour is avoided for as long as possible. As a result a descrip-
tive segment gets combined with a much larger neighbour. The segment whose
difference in size to its parent is larger will be considered the more descriptive.
The criterion for this comparator is |S,| — |S| > |T,| — |1

Parent cost (absolute) As discussed earlier descriptive segments are very different
to their neighbours. We can measure this dissimilarity by the cost introduced
in Section 3.2.1. The cost required to merge a segment with its neighbour is
available from the parent of the segment. Given two segments the one that was
more expensive to merge with our measure of cost is the more descriptive one.
Formally, this is defined by S,,., > T,

Pics*

Combinations The combination of criteria from the previous comparators introduce
other interesting strategies. With such combinations our sorting gets more sensitive
to descriptive segments, ranking them higher than with a single criterion. However,
experiments have also shown that combining criteria is not trivial. Results may
easily be worse than with a single criterion. Next we present two combinations

which we found to be successful in practise.

Variance (relative) and parent cost (absolute), size (relative) We assume
that both, the variance and the cost criteria must hold for a descriptive seg-
ment. In case the two do not clearly identify the more descriptive segment the
size argument is used as a fallback. In our experimental evaluation in Section
3.5.5 this criteria was the best performing one. Figure 3.8 shows an example

of sorting by this criteria.
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Variance (relative) and normalized parent cost (relative), size (relative)
This is the same as the above, only we normalize the cost and compare it rel-
atively between the two segments. Normalizing the cost has the advantage
of being more fair when comparing small to large segments. However, we
noticed that by normalizing the cost and compare it absolutely small seg-
ments are considered too descriptive. Here, relative comparison shows better

behaviour and provides better results.

'y

Figure 3.8: This Figure shows the 30 most descriptive segments using the combined
“variance (relative) and parent cost (absolute), size (relative)” sorting criteria. Like in
Figure 3.7 selection was done by size with a threshold of m > 3. We see that from
the segmentation on the left the two-phase approach is capable of outlining important
features of the image by identifying the descriptive segments. For more results please see

Section 3.5.5 or refer to Appendix A.

3.5 Results

In this section the results of our descriptive segment filters are presented. We will first
define our experimental dataset and a syntax for the evaluation. In the succeeding sec-
tion we will experimentally determine the best performing selection and sorting criterion
for the two-phase approach. Then we advance to the performance evaluation where we
will compare the two-phase approach to the queue-based approaches and their outlier de-
tectors. After the analysis of the results and comparison between different segmentation

algorithms we conclude the section with a discussion.
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3.5.1 Experimental Dataset

The experimental evaluation of our filters is performed on a set of 36 natural images.
These images were taken from seven different objects of interest. In each of these seven
image sequences the conditions vary. The used dataset covers variations in viewpoint,
image blur and light adjustment. While three of the image sequences were presented by
Mikolajczyk et al. [65] in their work on affine regions detectors the other four sequences
were captured by ourselves with a typical consumer camera. The different sequences
with their origin are summarized in Table 3.4. An example image of each sequence is
presented in Figure 3.9. For a complete overview of the experimental dataset please refer

to Appendix A.

Name Number of images | Varying condition | Source

backyard | 4 Viewpoint Own work.

bikes 6 Blur Mikolajczyk et al. [65]
boesch |4 Viewpoint Own work.

graffiti |6 Viewpoint Mikolajczyk et al. [65]
home ) Viewpoint Own work.

house ) Viewpoint Own work.

Leuven |6 Brigthness Mikolajczyk et al. [65]

Table 3.4: Overview of the experimental dataset used to evaluate our filters. The 36
natural images are arranged in sequences that each show a scene under varying conditions.
While three of the sequences were taken from the literature, the other four were captured

by ourselves.

There are many well known datasets in the literature and the Berkley Segmentation
Dataset [60] is among the most popular ones. Those datasets are not suitable for our
evaluation because they were designed to evaluate segmentation algorithms and contain
a complete partitioning of the images. With our filter, however, we aim to provide only a
subset of a partition in form of the descriptive segments. There is no need for every pixel
to be in a partition of the image after filtering. Moreover, the segments may even be
embedded in each other, making a minimized hierarchical set of segments available. To
our knowledge there is no dataset that provides such a set of descriptive segments. For
this reason we have selected the descriptive segments manually by the process described

in the next section.
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Figure 3.9: One example image of each sequence in the experimental dataset. The
images are from the sequences (f.l.t.r.) backyard, bikes, boesch, house, graffiti, home

and Leuven.

Our filtering is performed with the input from two different algorithms. While with
the first one all of the 36 natural images are tested, the second one is only used with
one image of each sequence. It serves as verification of our filtering and shows that it is
not dependent on a specific region merging or region growing algorithm. Our standard
algorithm is the region merging algorithm presented by D. MacDonald [57]. Our images
have a typical size of 640x480 pixels and are pre-segmented before being presented to
the region merging algorithms. This pre-segmentation is done using SLIC superpixels
by Achanta et al. [1]. The pre-segmented images contain approximately ten thousand
superpixels and are then bottom up segmented by the region merging algorithm. The
alternative algorithm uses a region growing approach by Lareau [50]. The criteria used in
this region growing is based on the Euclidean distance of the segment colour in L*a*b*
colour space. As input to the region growing we use a mean shift segmentation [33].

Depending on the image we get about ten to fifty thousand superpixels.

3.5.2 Descriptive Segment Selection

It is crucial for the evaluation of our filters that the manually selected descriptive seg-
ments comply with the definition of descriptive segments from Section 3.1. We are aware
that visual selection is subjective. For this reason only segments that obviously satisfy

the properties of descriptive segments are selected. We specifically pay attention to the
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segment, border which should clearly separate it from its neighbours. In particular this
is the case for segments whose brightness and colour differ much from segments in their
neighbourhood. Furthermore, brightness and colour is required to be stable within a
descriptive segment. A large difference in size of a segment to the neighbour it is merged
with, may also indicate a descriptive segment. When all of these properties apply to a
segment, the segment is clearly descriptive according to our definition.

The large number of segments within a hierarchical segmentation makes the manual
selection of descriptive segments a time consuming task. We found the most effective
approach to choose descriptive segments within a hierarchical segmentation is by brows-
ing backwards through its merge history. Because we start from the last merge in the
history, every step towards earlier merges refines the image until the (super-)pixel level
is reached. Due to the large number of merges in the merge history it is not feasible to
evaluate every merge available. According to the definition of descriptive segments there
is no need to consider intermediate segments that are only available as part of larger
objects. This allows us to stop the search for descriptive segments at a level at which
objects are found. This object level is dependent on the image and the used segmentation
algorithm. In our case the two segmentation algorithms favour to merge intermediate
segments before combining objects. This is due to their merge predicates which include
luminance, chrominance, size and boundary length of the segments to consider. The
advantage of this property is that we only need to consider the last few hundred merges
in the history to find the set of descriptive segments. In Figure 3.10 this process is
visualized.

Careful evaluation of every merge is required to identify the descriptive segments.
We see the two segments that were merged with every step we take through the merge
history. We analyze the two segments and compare them to the definition of descriptive
segments. In case one of them complies with this definition we add it to the set of
descriptive segments. An example of descriptive segment selection is given in Figure
3.11.

We can choose descriptive segments in unsegmented images by looking for regions in
the image that comply with the definition of descriptive segments. When we compare
such a selection with one using the segmentation hierarchy we notice that not all desirable
segments are available. In Figure 3.12 the difference between the desired and the actual
selection is shown for three example images. In case a desired segment is not available
we cannot penalize the filtering for the bad segmentation and omit the segment. In

other cases, a the filter finds a very similar segment than what has been marked as a
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Figure 3.10: We browse through the merge history to find descriptive segments. Starting
from the last merge (root level) we proceed until we reached the object level of the
segmentation. We consider it unnecessary to go further than this object level because
major segments were assembled at this point and mostly intermediate segments are
merged before it. For every merge we compare the two segments involved to see if either
of them complies with our definition of descriptive segments. In case one of them does,
it is added to the set of descriptive segments. The example in this figure explains the

process for the bikesl image in our experimental dataset.

desired segment (a subsegment for instance). We do not count this partial overlap as a
successful identification of a descriptive segment. In our evaluation we have to keep that
in mind and do not expect an error free filtering. We use a large dataset to minimize
the effect on the outcome. For each image our manual selection should contain as many
descriptive segments as possible. Please refer to Appendix A for a complete overview of

the manually selected segments.

3.5.3 Evaluation Syntax

Let us first establish a common syntax for our evaluation. Given any set of segments
X, let |X| be the size of the set and |X| be the average size of many sets. For the
evaluation of the approaches every image I in the dataset is considered. Let P be the
segmentation of I, built with one of our two segmentation algorithms. We have manually

chosen a set of descriptive segments D € P as previously discussed. We apply one of
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Figure 3.11: The three descriptive segments were selected from the bikesl image in our
experimental dataset. All of three segments are distinct from their surrounding, have a
clear border to their neighbours and are internally stable. The window segment (no. 1)
is enclosed by the door whose colour is very different compared to the window. The same
applies to the sign segment (no. 2) that strikes out on the wall due to its different colour.
Even more conspicuous is the number plate segment (no. 3) that stands out among
its neighbours. The three segments satisfy not only the exterior, but also the interior
property of descriptive segments. The pixels within them might have some variance but

over all they are very similar. This qualifies them for being a descriptive segment.

the various filters discussed in Section 3.3.2 and 3.4.1 to P and we call the respective
result F, i.e., the segments passing the filter. This set F' contains the segments which
were classified as potentially descriptive by the approaches. The intersection Zy = FFN D
describes the overlap between the potentially descriptive segments and the manually
selected descriptive segments. The approaches are capable of providing only a limited
set of descriptive segments. For every F' there also exists a subset F, C F' containing
only the x most descriptive segments. Expanding the previous definition of Z, we define

the set of correctly classified descriptive segments as follows

FnD, forz =0
Ly = . (3.22)
F{Lw~IDIJ}ﬂD7 for x > 0

3.5.4 Two-phase Approach Criteria

In Section 3.4.1 and 3.4.2 we have introduced various criteria for selection and sorting

in our two-phase approach. In this section we evaluate these criteria to find the best
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Figure 3.12: Dependent on the segmentation algorithm not every desired segment is

‘V

available. The second row shows the desired segments for the first images of the bikes,
graffiti and Leuven sequences (f.l.t.r.). The difference is visible in the third row that

presents the manually chosen segments in segmentations using the standard algorithm.

performing one. This evaluation is done on the experimental dataset presented earlier.
Images were segmented with the standard segmentation algorithm. Later we will show
that the best performing criteria will also work well on images segmented using the
alternative algorithm. We first establish the selection criterion before we find the sorting

criterion.

Selection Criterion

The quality indicator for a selection criterion is its ability to choose as few as possible

segments while preserving the descriptive segments. Formally, we require a selection
criterion to have a high filter ratio % while letting pass the descriptive segments %.

For every selection criterion the average of these ratios are computed over the images in
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the experimental dataset. Figure 3.13 summarizes the results of this computation.
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Figure 3.13: The selective performance for each criterion. While the range axis shows
the averaged percentage of input segments discarded by the selector the domain axis
indicates the average percentage of descriptive segments that passed the selector. The

line from top right to bottom left shows the result of random selection.

We see most of the selectors perform better than random selection. Only two of
the presented selectors are worse than random selection. These selectors clearly use
the wrong criterion for selection and are not suitable for this purpose. We notice these
two selectors were used as a counter argument to the increase of cost criterion. Even
if increase of cost criterion is better than random selection we see that it is not able to
provide good filtering properties. Not even half of the segments were filtered out by this
criterion and, therefore, these selectors leave too many segments to our sorting. The best
results of the cost argument is provided by the one using the peak theory. These filter
out up to 80% of the segments, but do not preserve enough descriptive segments. We can
summarize that selection by the cost criteria is not suitable. The result of the variance
criterion is also not satisfactory and we have to discard this selector as well. The only
selection criterion that performed well is the size criterion. The fact that descriptive
segments are merged with much larger neighbours seems to be true. We can adjust this

selector by changing the size multiplier. However, our results show that a combination of
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a descriptive segment with a neighbour that is at least twice as big (triple the size) has
the best performance. By increasing the multiplier the filter becomes more selective but
at the expense of discarding descriptive segments. Additionally, we see that combining
the variance and the size criterion does not improve our results. Therefore, we select the

segments that match the condition 3 - [S| < |S,|.

Sorting Criterion

With the established selection criterion we can continue with the evaluation of the sorting
criteria. Sorting orders the segments that pass the selector by their descriptiveness. It is
important that the manually selected descriptive segments appear at the top of the list.
For every criteria m is computed over all images in the dataset for x = 0,1, 2,5, 10.
The ratio %"
values of z are shown in Figure 3.14. We see all of the tested sort criteria perform

is the quality measure for the sorting criteria. The results for the different

quite well. None of the criteria orders the segments completely wrong. We notice that
ordering by variance has the worst performance. Especially with increasing x it stays
behind the other criteria. With small x sorting by cost outperforms sorting by size. With
larger x sorting by size is more beneficial and becomes the best of the single sort criteria.
Only the combination of variance, cost and size criteria is able to provide better results.
It is also the better of the two combined criteria. These results clearly show that the
used combination provide the best results. For this reason we use this criterion in our

two-phase approach.

3.5.5 Performance Evaluation

With the selector and sorting criteria for the two-phase approach determined we can
continue and compare it to the queue-based approaches. In the following evaluation the
queue-based approaches are named by their method of outlier detection. The queue-
based approaches start from the last merge and then follow the order of merges until
they reach the first merge, or the required number of segments is found. The results in
Table 3.5 are broken down by approach and the performance is shown for every image

in the dataset. For the computation the standard segmentation algorithm was used.
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48

Figure 3.14: The average percentage of the available segments in the intersection of the

x - |D| most descriptive segments and the set of manually selected segments. The more

segments are available the better the sort criteria is. Results are shown for each of the

defined sort criteria.

Chauvenet Deviation Q Test Two-phase
! [P| [ IDI |2 || Zol | |F] ||Z2| | [Zo] | |F] |22 || Zo] | |F| ||Z]]|[Z0|
backyardl | 10221 9824 1 1{1002 1 1137 1 11727 5 9
backyard2 | 10235 | 5| 804 1 111025 0 0[114| 0] 0]1671 1 4
backyard3 | 10230 | 6| 877 1 111060 1 11159 0| 01741 20 4
backyard4 | 10184 | 8|890| 4| 4| 970, 4| 4|160, 0| 0]1745 5 7
bikes1 10147 22879 4| 41169 717|147 1 111762 10| 20
bikes2 10073 | 23 |885 6| 61249 9 91149 2 211676 19| 22
bikes3 10060 | 23840 3| 3|1223 6 6| 140 1 111686 12| 21
bikes4 10080 | 19 |842 T T7]1263 8 81137 2 211723 12| 19
bikes5 10079 20804 3| 3]1235 5 51121 1 111694 9| 19
bikes6 10085 | 19(835| 4| 4]1271 6 6140 2 211761 10| 18
boeschl |[10163| 7781 2 2| 948 3 3145 1 1]1655 3 7

continued on next page
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Table 3.5 — continued from previous page
Chauvenet Deviation Q Test Two-phase

I [PL DI F] 12| |1 Zo] | [F] 122l ||Zo] | |F] || 22 |1 Z0] | |F] |122]]]%]
boesch2 | 10387 | 8799 2 211049 2 21146 0 011661 3 7
boesch3 |10564| 9| 786 0 01067 O 0126 0 011679 3 8
boesch4 [10260| 7|707| 2 211030 3 31135 0 0]1615 3 )
graffitil 9804 | 10|847| 0 0| 891 0 01]138 0 0[1624| 4 8
graffiti2 9836 | 8846 1 1| 889 1 11144 0 01655 2 6
graffiti3 9806 | 11 |836 1 1| 87| 0 01129 0 01]1623 2 7
graffiti4 9923| 9808 0 0| 906 2 21130 0 01]1623 4 7
graffitib5 [ 10081 | §&8|871 0 0| 876 0 0143 0 01768 1 7
graffiti6 | 10069 | 9|872 0 0| 931 0 0152 0 011689 0 7
homel 10089 | 13731 1 1)1044| 4| 4]129 0 011626 7| 12
home?2 10104 | 16697 3 311020 5 51133 1 111601 13| 16
home3 10095 | 16| 727 2 211036 41 41130 0 01614 10| 15
home4 10072 | 15|736 5 511085 5 51130 0 01600 7| 13
homeb 10101 | 181|724 3 311037 3 31139 1 11563 14| 17
housel 10213 | 9727 1 11052 1 1145 1 11654 2 8
house2 10246 | 10| 782 1 11090 3 31168 0 011609 1

house3 10248 | 18| 748 2 2(1123 8 81136 0 011633 15| 18
house4 10178 | 13| 745 2 211057 4| 4,137 O 011635 51 13
houseb 10183 | 19761 2 2|1061 5 51130 0 01662 15| 19
Leuvenl [10250| 10|874 0 01]1043 1 1158 0 01713 79
Leuven2 |10244| 10|870 1 11078 1 11128 0 01561 5 8
Leuven3 |[10226| 9858 1 111072 1 11136 0 0]1619 1 7
Leuvend |10223| 10|820 0 0]1107 1 11147 O 0| 1666 5 9
Leuven5 |[10276| 8/|793 0 0]1145 0 01129 0 0]1671 2 7
Leuven6 |10300| 6870 0 0]1185 0 0163 0 011650 3 5

Table 3.5: Detailed results of the filtering approaches using the standard algorithm.

Given the segmentation P of image I and the manually chosen descriptive segments

D € P, let F be the set of filtered segments using one of the approaches. Then, the set

of all matching segments is Zy = F'N D, and the limited set is Zy = Fyop; N D.
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Segmentation Algorithm Influence

Previously we have seen that the filtering approaches are capable of finding descriptive
segments using the standard algorithm. In this section we like to show that our filtering
is independent on the segmentation algorithm to a certain degree. To support our claim
we use the alternative segmentation algorithm with a subset of our experimental images.
The result of this evaluation is presented in Table 3.6. Even if the input to our filtering
approaches has changed we can still see that descriptive segments were found. The
filters have, however, not performed as well with the alternative segmentation algorithm.
We have expected such a result because our focus laid on the standard segmentation
algorithm. Nevertheless, the results show that the filters do not only work with this
segmentation algorithm. The filters are able to cope with the higher number of segments
and the different hierarchical structure the alternative segmentation algorithm provides.
This gives reason to believe that our filters are able to handle different segmentations
as long as they are reasonable, meaning they respect object boundaries and are not

extremely unbalanced.

Chauvenet Deviation Q Test Two-phase
I P|_[IDI] 1F1 [12:1[12ol | 1P| [1Z:1 126l | P |1 Ze] [ 120l | P [122]] 12l
backyardl | 26087 | 72363 1 1]2711 1 1{1003 1 1]1892 0 4
10221 9| 824 1 1{1002 1 1| 137 1 111727 5) 9
bikes1 19070 | 2511930 2 21743 2 2| 936 1 111624 7| 21
10147 22| 879 4| 41169 T\ 7| 147 1 111762 10| 20
boesch2 21044 | 16 |1941 3 311951 4 4| 842 3 311433 0 11
10387 | 8| 799 2 21049 2 2| 146 0 011661
graffitil | 52423 | 84804 1 14872 1 111971 1 12613 8
9804 | 10| 847 0| 0| 891 0| 0] 138 0 0[1624| 4| 8
home3 11857 | 1411229 0] 0|1153| 0| 0| 563 0 0| 838| 10| 13
10095 | 16| 727 2 211036 4| 4] 130 0 011614 10| 15
house2 14191 131488 0| 01489 1 1| 660 0 0| 949 51 13
10246 | 10| 782 1 111090 3| 3| 168 0 01609 1 9
Leuvenl |35211 93315 2 213075 3 311495 2 212020 1 7
10250 10| 874 0| 0]1043 1 1| 158 0 01713 71 9

continued on next page
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Table 3.6 — continued from previous page

Chauvenet Deviation Q Test Two-phase

I [PL DI EL [ 22| [ Zol | [F] |1 Z2] || %0l | |F] || Z2] |1 Z0l| |F| |1Za] || Z0|

Table 3.6: Results of the filtering approaches using the alternative segmentation algo-
rithm. A subset of the experimental dataset, containing the most representative image
of each sequence, was used. For comparison reasons the corresponding results using the
standard segmentation algorithm are shown in the second row of every image. For an

explanation of the symbols please refer to Table 3.5.

Result Analysis

The results in Table 3.5 and 3.6 are summarized in Figure 3.15 and 3.16. The first of the

two Figures shows the average ratio % for every approach using the two segmentation

algorithms. This presents how many segments on average are considered descriptive
by the approaches compared to the total number of segments in the partitions. There
are differences between the two segmentation algorithms. While outlier detection in the
standard segmentation algorithm is very restrictive compared to selection, the results
are more similar to each other with the alternative segmentation algorithm. However,
this is not indicative of the performance of an approach but outlines how important the

quality of the segmentation is for the selection of descriptive segments.

18.00%
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14.00%
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 10.00%

['ﬂ' 8.00%

P 6 00
400%
2.00%
0.00%

-—

Dewnation Chauvenet Q Test Two-phase

Approach

| M Standard algonthm B Alternative algorithm |

Figure 3.15: Ability of each approach to filter the segments. It does not indicate the
quality of the filtered set.
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For the visualization in Figure 3.16 we introduce “random” approach. This approach
picks segments randomly and shows how unlikely it is to find the descriptive segments
this way. We see that the two-phase approach outperforms the queue-based approaches
by an order of magnitude. Between the queue-based approaches we do not notice huge
differences. Each of the outlier detectors provide approximately the same result. It seems
that the outlier detectors are able to identify descriptive segments when they appear at
the end of the merge queue. It does not matter much if the intersection with the manually
selected segments is taken on the first x or over all segments. This is quite surprising and
implies that especially small descriptive segments cannot be identified by queue analysis.
Positive is that queue-based analysis is better than random selection. A visualization
for one result containing all approaches is presented in Figure 3.17. At all times the
two-phase approach performs better than queue-based analysis. We see that with both
segmentation algorithms the selection works out well. More than 80% of the manually
selected descriptive segments are available in the sorting phase. The performance of the
sorting is better with the standard algorithm. Here we find more than 40% of descriptive
segments with x = 2. For the alternative algorithm we have to take at least x = 5 to
get the same number of descriptive segments. Nevertheless, from thousands of segments
the filter is able to choose a handful of descriptive segments. For the best performing
image of each sequence, the chosen segments are presented in Figure 3.18. Please refer

to Appendix A for the complete result.

3.5.6 Discussion

We have presented two approaches towards descriptive segment filtering. Both ap-
proaches are capable of identifying descriptive segments to some degree. While the
queue-based approach did not meet our expectations the two-phase approach clearly
performed much better. We have evaluated both approaches with two different segmen-
tation algorithms. It is no surprise that results differ depending upon the quality of the
segmentation algorithm. Apart from the “Q Test” approach all the other approaches
perform not as well with the alternative algorithm as with the standard algorithm. Due
to the region growing approach with the heavy dependency on appearance-based proper-
ties the alternative algorithm produces less balanced merge trees and, therefore, merges
descriptive segments later than the standard algorithm. There are more large regions
that grow incrementally which contribute to the increase in depth of the segmentation

hierarchy. This is a disadvantage for the two-phase approach because selection will let
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more non-descriptive segments pass. Since sorting is also dependent on the segment size,
tiny segments are considered descriptive. The reason for worse performance of the queue-
based approach with the alternative algorithm is similar. Due to large regions growing
around the descriptive segments many of the descriptive segments get merged eventually
in sequence. The queue-based approach is not able to detect outliers in these sequences
and fails to find the descriptive segments. We can summarize that a segmentation with
a balanced segmentation hierarchy using a reasonable size criteria is important for the
quality of the result.

The queue-based approach did not perform very well. As can be seen from the results
presented in Figure 3.17, the approach clearly misses the descriptive segments. Even
different methods of outlier detection have not improved performance. When we study
the reconstructed merge queue, humans are able to identify the outliers and can find the
descriptive segments based on the merge queue. It seems, however, that these outliers
can not be identified with the evaluated approaches. This may be due to the limited
amount of samples and the unknown underlaying distribution of the data. One difficulty
is that we can not predict the behaviour of the cost. Even if its upper bound may
be roughly exponential globally, locally it can behave completely different. This makes
outlier detection extremely difficult. Additionally, the time of merge for each segment is
required which not every algorithm supplies. Depending on the segmentation algorithm,
the time of merge may even lead to wrong interpretation. An algorithm may successively
merge several descriptive segments under high cost. In the merge sequence this will not
be visible due to the higher cost of all merges. The analysis of the merge sequence is,
therefore, highly dependent upon the segmentation algorithm and its merge decisions.
Another issue is the identification of the descriptive segments. While our experiments
have shown that from an identified outlier the smaller segment is more descriptive, we
notice many tiny segments in our result. This does not only visually look worse but also
makes further processing more difficult. All of these issues indicate that queue-based
analysis as we used it in our work is not suitable for the purpose of descriptive segment
filtering.

In comparison to the queue-based approach the two-phase approach performs better
than expected. It seems to be highly sensitive to descriptive segments and is able to
identify these unique features in an image. First reducing the set of segments and then
ordering them seems to be an eligible approach to descriptive segment filtering. On
average the first phase of the algorithm is able to discard more than 80% of the segments.

We have shown that different selectors are possible, but some do not perform and we
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have chosen the most successful one. The size difference of a segment to its parent
seems to be the most compelling selection criteria. For sorting size seems to play a
secondary role. The sorting criteria is based on variance and appearance-based similarity.
Using this combination the manually chosen segments appear on the list of the most
descriptive segments. With both, selection and sorting, the hierarchical structure of
the segments play an important role. The judgement of the individual segments is
based on the relationship of the segment and its parent. This information is available
from all hierarchical segmentation algorithms and does not require knowledge about
the implementation of the algorithm. We also see that results differ between the two
algorithms. Especially, we notice some difficulties with the alternative segmentation
algorithm. Tiny segments are clearly be considered too descriptive by our two-phase
filtering. This is due to the hierarchical structure of the segmentation. In the standard
algorithm size plays a more important role than in the alternative algorithm. And as
a result, tiny segments - that are unique - survive for too long. When they get merged
both selection and sorting consider these segments as too descriptive compared to our
manually selected ground truth. This lowers the performance of the two-phase approach.

Analyzing the results of our two-phase approach we see some encouraging behaviour.
Beside the segments that were manually selected, the algorithm presents segments that
we also find descriptive in retrospect. Especially with the standard segmentation algo-
rithm there are just a few wrong segments. Many of the other segments one can consider
descriptive, but not all of them match with our manually selected segment. This influ-
ences the result because there might be a descriptive segment which causes the exclusion
of a matching segment due to the limited size of the set. Furthermore, it can happen that
a descriptive segment does not match a manually selected one entirely, and is therefore
not counted as a match. Considering all these special cases the result of the two-phase
approach is better than our experiments suggest. When we have a look at the results
of the image sequences in Appendix A we see that there are descriptive segments that
appear across several images in a sequence. We see our two-phase algorithm is capable of
extracting the unique properties of images under varying conditions which satisfies our
needs for descriptive segment filtering. In the succeeding chapter we use these descriptive

segments in an approach to region matching.



Descriptive Segment Filter 55

100.00%

90.00%
80.00%
70.00%
~ 60.00%
[' IZ,I'] 50.00%
1211 40.00%
30.00%
20.00%

o I

Dewnation Chauvenet Q Test Two-phase Fandom
Approach
Mx=]1 WMx=2 x=5 Mx=10 Mz=0
100.00%
90.00%
80.00%
70.00%
60.00%
[' IZ,I'] 50.00%
| |1D1] 40.00%
30.00%
20.00%
0.00%
Dewnation Chauvenet Q Test Two-phase Fandom
Approach

|Ix=1 Mx=2 =x=5 Emx=10 Ix=|:||

Figure 3.16: The upper of the two diagrams shows the average of the successfully identi-
fied descriptive segments using the standard segmentation algorithm. For each approach
success rate is indicated with different set sizes. The lower diagram contains the same

evaluation but uses the alternative segmentation algorithm.
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Figure 3.17: The visualized results of the bikesl image using the standard segmentation

algorithm. The 46 most descriptive segments are shown for the (fl.t.r.) two-phase,

deviation, Chauvenet and Q Test approach.
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Figure 3.18: Best filtering result of each image sequence using the two-phase filter and
the standard segmentation algorithm. Results are presented for (top-down) backyard4,
bikes2, boeschl, graffiti4, home2, house3 and Leuvenl. The columns contain (f.l.t.r.)
the image, the manually selected segments, the descriptive segments and the intersection

between the two. Please refer to Appendix A for all results.



Chapter 4

Matching Descriptive Segments

Image matching has been a popular topic in literature over the last decade [83, 93, 21,
82, 45, 79, 41]. A large number of approaches have evolved from the work on this field.
The approaches differ on the type of images they aim to match. A common way to
establish the image correspondence is by matching features. In our case features are the
segments that passed the descriptive segment filter. The matching is simplified due to this
relatively small set of features. We will present an approach to segment matching that
is based on a correspondence measure between the segments of images. Additionally, we
will use the hierarchical structure of the segments to refine the matches. We will evaluate

this approach using images from our experimental dataset.

4.1 Reduced Hierarchy Construction

An unordered set of segments is provided by our descriptive segment filter. The algo-
rithm presented in this section reconstructs the hierarchical structure of the segments
independent of the order they appear in the input. This reduced hierarchy will provide
information about the hierarchical dependency of segments to our descriptive segment
matching approach. The reduced tree is composed of only the descriptive segments from
the input and possible placeholders required to form a valid binary tree.

Let the tree of the segments be O and the reduced tree be R. Start the algorithm
by marking the segments in O. Then, iterate over all descriptive segments and let the
current segment of the iteration be S. Begin with a loop over the parents of S and
call the current segment C. Stop the loop when C is a marked segment or when C' is

the root of O. In the later case remember C' as root of R. In the loop search for all

o8
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marked children of C'. If more than one child of C' was found then C' is promoted to
be a placeholder. These nodes are required for R being a valid binary tree. They may
be used later in addition to the descriptive segments. The process completes once every
segment in O has been processed.

After the completion of the loop the root of R is known and all segments for R are
marked in the tree O. To build the reduced tree R start with a recursive call using the
root of R as S. Within the recursion search the marked children of S. If no child was
found S is a leaf in the reduced tree T'. At this point the recursion completes. In case S
has one or two children a new segment S, is created. Populate the left and right child of
S, by another recursive call using the children of S. There might be the situation that
S has only one child and S is a placeholder in R, then S, can be discarded and the child
of S is to be returned. Otherwise .S, is returned by the recursion.

Once the reduced tree R is built it is traversed to fill in missing leaves. This com-
pletes the tree. It has the same structure as a segmentation tree from a hierarchical
segmentation, but only contains the descriptive segments and the placeholders. These
placeholders are ordinary segments from O that were not included in list of descriptive
segments, but were necessary for the structure of R. Dependent on the usage these

segments may provide further information about the descriptive segments.

4.2 Establish Segment Correspondence

Given two sets of descriptive segments F), and F|, of the segmentations P and @ the
task is to find the best corresponding segment D, € F,VD, € F,. Dependent on the
size of the set Fj there might not be a correspondence for every D,. Let us define the
segment correspondence measure M (S, T'). This function is a measure for the similarity
of two segments from different segmentations. With it the best matching segment in F7,
for every D, € F), is identified. In Section 4.3 we will present two measures based on
the visual properties of the segments. We assume there are two segments S, € F}, and
Sy € F, that represent the same region in their segmentations P and () and look for a

correspondence measure that is maximal for this combination
M(S,, S;) =maxM(S,, D,),VD, € F, . (4.1)

For every D, € F), the correspondence measure to all segments in Fj, is computed.
This list is sorted in descending order and the best correspondence for every D, is taken

into consideration for output. In case more than one segment in F), links to the same
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segment in Fy only the best correspondence is kept. The others are re-linked to their
next correspondence in order. The whole process continues until the mapping is unique.

Let n = max(|F}|, |F,|) be the number of segments in the larger of the two sets F,, and
F,. The sort required to order the correspondences of a segment D,, € F}, to the segments
in F, takes O(nlog(n)) when using merge sort. This sort is done for every segment in F,
which adds another n to the worst case performance. Making the correspondences unique
takes no more than O(n?). This leads to the conclusion that the worst case performance

is O(n?log(n)). In practise is not an issue due to the relatively small sizes of F}, and F,.

4.2.1 Refine Correspondences

With the help of the hierarchical structure of the segments a refinement of the matching
is possible. This refinement is performed on the reduced hierarchy constructed from the
set of descriptive segments. Let us assume the previous matching found a correspondence
of D, € F, to D, € F,. In case a child of D, is not matched with a child of D, the
correspondence is obviously not correct. In the image such a mismatch implies that a
subpart of an object in one image is not within the object in the other. However, it
may also be the case that the parent match was wrong. The correspondence measure is
queried to decide whether the parent or the child match is to be removed. The match with
the larger of the two correspondence measures is kept while the other one is discarded.
The refinement completes when there are no more structural discrepancies between the

images.

4.3 Segment Correspondence Measures

Given two segments S and 7" the correspondence measure M (S,T') is a function of confi-
dence that S and T is the same segment in two different segmentations. In case of image
matching the two segmentations are computed from two different images. Viewpoint,
illumination and camera settings, may have changed between the two images, leading
to a distortion of the segments. We require the correspondence measure to deal with
this situation and that the measure is comparable between different S and 7. The value
should be larger when two segments represent the same region than for two others. In
combination with the previous algorithm the ultimate goal is to find the correct matches
of segments between two segmentations. In this Section we will present two measures of

segment correspondence. While the first one is based on the appearance of the segments
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the second one uses a measure from probability theory.

4.3.1 Cost

In Section 3.2.1 we have presented a measure for the likelihood that two segments S
and S, are combined in a hierarchical segmentation at time t. This cost is composed
of luminance, chrominance and size components that are not only of interest to the
segmentation algorithm. They are a measure of similarity between the segments and
are, therefore, suitable as correspondence measure. Let us compute the correspondence
measure for the two segments S and 7" with their combined size s = |S| + |T'|, their
averaged luminance [ and chrominance ¢ in L*a*b* colour space and the constants w

2 2
_ (Sluminﬁnr‘o*l) ‘S|+(Tlnminﬁn(‘97l> |7

2
M(S, T) - — (6 QSwluminance
2
_ (Schrominar mafc> |81+ (Tehrominance =) 71T
_|_ 25w2
(& chrominance

. <|_§|>wsize—1 (@)Wsize_l> | (4.2)

The negation of the components ensures that the more similar two segments are the
larger, meaning closer to zero, their cost is. This way the cost can be used as measure

for segment correspondence in our algorithm.

4.3.2 Mutual Information

The traditional application of mutual information (MI) is in probability theory where it
is a measure for the dependency of two random variables X and Y [73]. We like to adopt
mutual information such that it becomes a correspondence measure between descriptive
segments. Let us assume we know the individual probability distribution of these random
variables Px and Py and their joint distribution Pxy. Then the random variables drawn
from their distribution define the marginal entropy

==Y Px(z)log (Px(x)) (4.3)

zeX

==Y Py(y)log(Pr(y) - (4.4)

yey
The joint distribution is the combined distribution of the two individual distributions
Px and Py. This defines the joint entropy as

=) Pxv(z,y)log(Pxy(z,y) . (4.5)

zeX yey
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The mutual information of the two distributions is the one they share. By computing
the difference between the two marginal entropies and the joint entropy this information

is left. Formally, the mutual information is
MI(X,)Y)=H(X)+HY)-H(X,Y) . (4.6)

Figure 4.1 shows a visual interpretation of the mutual information. Mutual information
is a measure for the information X and Y share. The larger the mutual information, the
more we know about Y by knowing X. The smaller the mutual information becomes the
less we can know about the other random variable. With mutual information of zero the
two random variables are independent from each other, meaning X does not share any

information about Y and vice versa.

MI(X, Y)

Figure 4.1: The joint entropy H(X,Y') is the intersection of the marginal entropies
H(X) and H(Y'). The more the marginal entropies intersect the more we can say about
one random variable knowing the other. Mutual information MI(X,Y’) measures the

dependency between these two random variables.

Mutual Information in Alignment

Mutual information has successfully been applied to many topics, and in particular in
communication theory where it measures the information shared between a sender and
receiver of a message [88, 22, 79]. Of special interest to our problem of image matching

is its application in image alignment. Let I and J be two grey scale images of similar
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content, for instance an MRI image of a head like it occurs in medical imaging. Images
in the context of probability are like distributions where random variables can be drawn
from. Values appear depending on the content of the image. The probability of a value
q to appear is commonly taken to be by the number of occurrences in the image, so the

probability distribution is given by

1, for (z,y) =gq
Piq) =) . . (4.7)
syer | 0, otherwise
To construct the marginal entropy of an image the probability distribution has to be
normalized by the number of samples in an image. Furthermore, let () be the set of all

possible values in an image, then the marginal entropies of the two images I and J are

- () (24

q€Q

- S

q€Q

Beside the marginal entropies the joint entropy is required to compute the mutual in-
formation the two images I and J share. When we assume that the images completely
overlap the joint entropy is the probability that given a value in I another value in J

occurs

1, for I(z,y) =q AND J(z,y) =7
Pry(g,r) =) . (4.10)

syer | 0, otherwise

Like the marginal entropies the joint entropy has to be normalized by the number of
samples. For the two images I and J the joint entropy is
P P r
ZZ( (g, 7 ) Og( 17 (g, )) . (4.11)
et A ]
In case the two images do not completely cover each other only the overlapping portions
of the images are considered for both the marginal and joint entropy. According to Viola

and Wells [88] and Collignon et al. [22] maximizing the mutual information finds the

optimal alignment of two images.

Normalized Mutual Information

A disadvantage of image alignment by mutual information is its dependency on the

overlap of the images [79]. This can be seen when the alignment of two identical images
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only differs in their overlap of the background region. Because the more of the background
region overlaps the more probable its value is, meaning the mutual information increases.
Figure 4.2 visualizes this influence of the background overlap for an example image. We
see that by maximizing the mutual information we will favour the alignment that has
the smallest overlap. This is not desired and a measure of mutual information that is
independent of the overlap is required. In his approach to medical image registration

Studholme [79] proposed the normalized mutual information, which is

H(I)+ H(J)

YT, J) = H(I,J)

(4.12)
The ratio of the marginal entropies to the joint entropy compensates for the change in
uncertainty when the overlap changes. This makes Y (I, J) independent of the overlap
as seen in Figure 4.2. The optimal alignment is found at the maximum of Y (I, J). At

this point the joint entropy is minimized with respect to the marginal entropies.

A A

o Veogy hel o

N

4 4

Figure 4.2: Mutual information of two rectangles for changing rotation. Both rectangles
are of the same size and contain a circle in their centre. Rotation of one rectangle changes
the overlap of their background (white). While the traditional mutual information is

dependent on the background overlap the normalized mutual information is not.

Prepare Segments for Matching

In our approach to image matching descriptive segments from two images are compared.
Mutual information can only be applied to compute the entropies of two segments when
they overlap. In our segmentation the segments may appear at different positions which

makes a transformation to a coordinate system where their centre of gravity is at the
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origin required. This way same segments have a large overlap when their distortion,
that originates from viewpoint changes between the two images, is small. A change
in viewpoint affects all other segments as well and we expect mutual information to
compensate for the mismatch between the same segments. Figure 4.3 contains examples
of matches between the segments of two images. Even if the corresponding segment is
distorted we see it still overlaps to a great extend.

The segments and their underlaying pixel values are available in RGB colour space.
For mutual information this colour space is too large, which makes a transformation of
colour values to grey scale required. We use the simplified transformation of the HDTV-
RGB standard (ITU-R BT.709) to convert each colour channel to a unified luminance
value [75]

Y(R,G,B)=0.2126- R+ 0.7152- G + 0.0722- B . (4.13)

We are aware of the error introduced by this conversion, but found it accurate enough
for the purpose of segment matching. The correct luminance value L* can be computed

by the conversion from the RGB to the L*a*b* colour space as described in Section 3.2.

Mutual Information for Segment Correspondence

When mutual information is used in image alignment the two images overlap to a great
extend. This is not necessarily the case with two segments. In Figure 4.3 we see that
for many segments the overlap is quite small. This will lead to wrong interpretation
as we can see in Figure 4.5a. Even if the two images perfectly match at tx = 160,
mutual information also suggest perfect matches at tx = {80,120, 200, 240}. This is not
surprising since mutual information is a measure for the information shared only between
the overlapping regions of the images. Furthermore, it makes no difference when the
white pixels correspond to the grey ones, it is only important that the correspondence
is uniform. This is, however, a disadvantage when we compare segments that overlap
each other only partially. The shared information between them might be higher in
comparison to two segments with more overlapping pixels. We overcome this issue by
two extensions to mutual information. First, we introduce a correspondence value for the
non-overlapping pixels. At the positions where pixels from either segment do not overlap
pixels from the other segment a background value is inserted. This background value is
distinct from all possible segment values and extends the value ranges of the marginal
and joint entropies. The effect of this background value is seen in Figure 4.5b. In this

example the only perfect match is at tx = 160. The other peaks became smaller due to
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Figure 4.3: Match by mutual information from one segment of the graffitil image (top)

D) 9 9

to 20 segments of the graffiti2 image (bottom). The segments are translated to a new
coordinate system where their centre of gravity is at the origin. Then, they are converted
to grey scale. For visualization purposes the segment of the graffitil image utilizes the
red colour channel while the segments of the graffiti2 image use the blue colour channel.
At the pixels where they overlap the grey scale value of the graffitil segment is shown.
Mutual information is used to rate each correspondence of the graffitil segment to the
graffiti2 segments. There is great difference in the overlap of the segments which should

influence mutual information. The correct correspondance is shown in h).

the mismatch of the background regions. We see, however, that with only a few pixels
overlap the background regions contribute too much to the mutual information. For this
reason we propose a direct dependency of the mutual information to the overlap. This
second extension normalizes the mutual information by the overlap of the two segments.
The ratio for the normalization is given by the division of the size of the overlap by the
area the two segments cover. While this penalizes little overlap it favours matches where
the segments completely cover each other. In Figure 4.5c we see how this changes the
mutual information for our example. The emphasis now is clearly on the perfect match

in expense to smaller overlaps.
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Figure 4.4: Stripe image used to evaluate mutual information as correspondence measure.

4.4 Score Matches

Our approach to image matching finds the correspondences between the segments of
two images showing the same scene under varying conditions. It is uncertain whether
or not a match is correct, meaning the two segments correspond to the same region in
both images. For our experimental evaluation, however, we need to know the number
of correct matches. Only this way we can evaluate the approach and choose the best
correspondence measure.

The evaluation can be done manually when there are only a few matches to consider.
For each correspondence the segments in both images are compared. In case they both
represent the same region in the images the match is correct. Due to viewpoint changes
it may not always be obvious that the two segments represent the same region. Further-
more, there are situations where one segment only partially maps to the segment in the
other image. In this case the match is considered correct when the smaller of the two
regions cover the other one to at least %.

Manual evaluation is not suitable for larger sets of matches because it becomes prone
to errors. For a machine based categorization of the matches the transformation be-
tween the images is required. Under the assumption of a pinhole camera model with
constant focal length the relation between two planar surfaces in the images is given by
a homography matrix [40]. A homography matrix is a 3x3 matrix that provides a linear

transformation of the points in the plane. This linear transformations includes rotation,
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Figure 4.5: Mutual information is not directly suitable as segment correspondence mea-
sure because it depends on the overlap of the regions. To visualize the behaviour of our
improved mutual information the stripes image in Figure 4.4 is shifted over itself. At a
translation of tx = 0 the images are next to each other having no overlap. Then, the left
image is shifted along the x axes until it is on the right after tx = 360. Curve a) contains
the original mutual information, b) the modified entropies including the non-overlapping

pixels and c) the overlap normalization used as segment correspondence measure.

scale and skew. The translation component can be incorporated in the homography ma-
trix because of the homogeneous 3x3 matrix for 2D points in a plane and no separate
addition of a translation vector is needed. Let us assume we are given the homography

matrix H. A point

a7
o (4.14)
1
in the planar surface of I is mapped to its counterpart in image J by the matrix multi-
plication
W' T
Pl = |wy;| =H- |y . (4.15)
W' 1

To get the point P; in the plane of J the point PJ’ is normalized by w. With the help
of the homography all pixels from a segment in I can be mapped to image J. When
the transformed pixels correspond with a descriptive segment from image J the correct
match was found. Like with visual correspondence we do not require the segment to
completely cover each other. A coverage of % of the larger segment is sufficient for a
match to be considered correct. The correct matches will be our ground-truth for the

performance evaluation of our approach.
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4.4.1 Homography Computation

The homography matrix is computed using the combined SIFT and RANSAC approach
[54, 40]. In both images SIFT descriptors are constructed. From these descriptors an
initial match is computed by the algorithm presented by Lowe [54] which rejects matches
that are too ambiguous. In an iterative refinement RANSAC then optimizes the corre-
spondences between the descriptors by ignoring descriptors that do not match the model
being considered. The homography matrix is constructed at the start of each step of
the iteration. The best homography is the one that explains the most correspondences.
For the computation of the homography we use the VLFeat package from Vedaldi and
Fulkerson [86].

4.5 Results

The evaluation of our region matching approach is based on the same experimental
dataset as used in the descriptive segment filter analysis. Details about the dataset are
given in Section 3.5.1. The dataset is arranged in seven sequences of four to six images.
The images are ordered by similarity, meaning the visual difference between successive
images is the smallest in the set. We use only the successive images for matching. For
a sequence of n images there will be n — 1 matches to compute. Let I be the preceding
image of J in the sequence. The descriptive segments are computed for both images
using the two-phase filtering approach. The size of the set of descriptive segments is
chosen to be 30 for I and 50 for J. Selecting more descriptive segments in J ensures
that for each descriptive segment in I a (not necessarily correct) correspondence can
be found. It also reduces the risk of the correct corresponding descriptive segments
not being present in J. The results of matching are very dependent on the filtering.
Matching can only be successful when the descriptive segments are present. Wrong
matches are unavoidable because there will always be descriptive segments in I that
have no corresponding segment in J.

For automatic evaluation the approach presented earlier is used to construct the ho-
mography matrix H between two planar or mostly planar images I and J. Typically, a
large number of SIFT features is found in our experimental images. Not all of them cor-
respond well between images as seen by the number of in- and outliers when constructing
the homography matrix. A robust homography matrix, that explains the transformation

of most SIFT features, has many inliers and just a few outliers. Beside the number of
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in- and outliers the determinant of the homography matrix provides information about
the computed transformation [49]. A determinant of 1, as given by the identity matrix
for instance, implies that there is no transformation between the images. The larger the
difference of a determinant to one is, the larger the transformation becomes. Because
the transformation between our images is small, an especially large transformation im-
plies that the estimated homography is incorrect. The number of ground-truth segments
found for the two images confirm this as well. By going back to the results of descriptive
segment filtering we see that there are matching descriptive segments in most sequences.
This leads us to the assumption that there is only no ground-truth correspondence be-
tween the images when the homography matrix is incorrect.

When it comes to planar surfaces the sequences in our dataset are very different from
each other. There are sequences that contain planar images, images with a dominant
plane and images with a small shift of camera position. All of these sequences can be
evaluated automatically. The sequences of planar images and of images with a dominant
plane can be evaluated by computing the homography between two images I and J of
the sequence. The images with a small shift by estimating and applying the shift without
any parallax. We can not evaluate sequences that do not fit into these categories, like
the backyard and the boesch sequence. The planar surfaces contained in images of these
sequences are not large enough or are cluttered with many fore- / background objects.
We will, however, evaluate every sequence visually regardless of image planarity. We will
summarize the results of this evaluation at the end of this section. Before we do so we

will also discuss the influence of refinement on our results.

4.5.1 Planar Images

The approach presented earlier is used to compute the homography matrix H between
planar images [ and J. In our dataset only the graffiti scene is planar. Images from this
sequence contain many matching feature points which results in a stable homography
matrix. This homography matrix is used to compute the ground-truth correspondences
between the two sets of descriptive segments. The following table contains the results of

this computation.
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I J Features |In-/ H det(H) | GT
I1/J Outliers

8.812e-01 3.134e-01 -3.19e+4-01
graffitil | graffiti2 | 1182/1432 | 579/52 | -1.83e-01 9.365e-01 1.231e+02 |0.902 |6
2.495e-04 -2.29¢-05 1.000e+-00

6.723e-01 -5.31e-01 2.646e+-02
graffiti2 | graffiti3 | 1432/1362 | 547/35 | 5.978e-01 8.650e-01 -1.49e+02 |0.853 |4
1.967e-04 -6.37e-05 1.000e+-00

5.633e-01 8.524e-01 -7.58e+01
graffiti3 | graffiti4 | 1362/1389 | 636/31 | -6.99¢-01 7.754e-01 2.966e+02 |1.072 |1
1.377e-04 3.546e-05 1.000e+-00

6.461e-01 -3.91e-01 2.392e+4-02
graffiti4 | graffiti5 | 1389/1339 | 506/37 | 5.729e-01 7.725e-01 -9.68e+01 |0.692 |3
8.281e-05 -9.83e-05 1.000e+-00

7.086e-01 -6.19e-01 2.368e-+02
graffitib | graffiti6 | 1339/1317 | 593/26 | 5.544e-01 8.791e-01 -1.23e+02 |0.939 |2
1.514e-04 -3.31e-05 1.000e+-00

Table 4.1: Based on the SIFT features of two planar images I and J the homogra-
phy matrix H is computed using RANSAC. A large number of inliers with just a few
outliers is desired for a robust homography matrix. The determinant of the homogra-
phy matrix is a measure for the transformation between the images. The ground-truth
correspondences (GT) is established between the sets of descriptive segments using the

homography matrix.

We see by the large number of inliers that the homography matrices were successfully
constructed. This is not surprising because the wall, where the graffiti is drawn at,
is a perfect planar surface. Due to bad filtering there are only a few ground-truth

correspondences found. This is why we cannot expect many matches.

4.5.2 Images with a Dominant Plane

Images having a dominant plane may also be suitable for computing a homography

matrix H. Such a dominant plane should cover most areas in the images because the
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homography is constructed from points laying on this plane. In our dataset the house and

home sequences fulfil this criteria. The buildings in these sequences provide the dominant

plane for which the homography matrix can be computed. Ground-truth matches are

established among the descriptive segments on the planes. In the following table the

results of this computation are presented.

Features

/7

In-/

Outliers

H

det(H)

GT

homel

home2

828/631

39/115

8.949¢-01
-1.38e-01
-4.18e-04

-7.82e-02
7.897e-01
-1.18e-04

-7.77e+01
7.123e+01
1.000e+00

0.679

home?2

home3

631/611

154/108

7.840e-01
-1.04e-01
-3.15e-04

-2.56e-02
8.521e-01
-8.92e-06

1.604e+-01
4.919e+01
1.000e+00

0.670

home3

home4

611,/650

107/107

7.610e-01
-1.26e-01
-3.69e-04

-1.59e-02
9.366e-01
1.355e-04

2.496e+01
4.100e+01
1.000e+00

0.715

home4

homeb

650,677

221/102

8.265e-01
-7.89e-02
-2.00e-04

-1.03e-02
9.194e-01
1.180e-06

3.410e+01
3.383e+-01
1.000e+00

0.765

housel

house2

702/580

72/80

1.540e+00 -4.41e-02

1.015e-01
1.456e-04

-1.41e+02

1.132e+-00 3.208e+01

-1.58e-04

1.000e+00

1.781

house2

house3

580/600

107/90

1.403e+400 -1.38e-02

2.177e-01
4.037e-04

-4.59e+-01

1.105e4-00 -7.25e+4-01

-1.06e-04

1.000e+00

1.564

house3

house4

600,665

41/91

1.125e4-00 1.344e-01

2.438e-01
7.330e-04

9.736e-01
2.837e-04

1.106e+-02
-8.64e+01
1.000e+-00

1.010

house4

houseb

665,640

211/64

1.079e+4-00 -1.87e-02

-3.63e-02
-6.22e-05

-2.44e+01

1.057e4+00 -9.33e+00

-9.23e-05

1.000e+00

1.138

continued on next page
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Table 4.2 — continued from previous page
I J Features | In-/ H det(H) | GT
1/J Outliers

Table 4.2: Using the same method as in Table 4.1 the homography matrix is computed

between images having a dominant plane.

Both, the home and house sequence have a dominant plane for which the homography
can be computed. The first correspondence of the home sequence could not be established
correctly. Because there was no ground-truth match found we exclude it from evaluation.
The other three relations of this sequence are reliable enough and are included in the
evaluation. The results of the house sequence have to be excluded completely from
evaluation because the homography matrices are not stable enough. There are issues
with the first and third correspondence as seen by the small number of inliers. The other
two homography matrices are more reliable, but there was almost no ground-truth match

established. We will judge these correspondences only visually.

4.5.3 Images with a Small Shift

A small change of camera position between two images can be estimated by analyzing
corresponding feature points. An average over the horizontal and vertical shift of feature
points provides a sufficient approximation of the movement. In practise, however, we
apply the same approach like before and construct the homography matrix H between
images. This is possible because images taken from almost the same viewpoint do not
need to be planar for computing the homography matrix H. It appears to the algorithm
as they have no depth at all, meaning everything lays on a single plane. The last column
of the homography matrix contains the translation vector V' that describes the change of
camera position. The following table contains the translation vector for the applicable

sequences.

I J Features |In-/ Vv GT
1/J Outliers
bikesl |bikes2 |1119/1351|757/25 |[1.346e+01, -1.78e+01, 1.000e+00]T |7

continued on next page
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Table 4.3 — continued from previous page
I J Features |In-/ Vv GT
1/J Outliers
bikes2 | bikes3 |1351/1482|978/28 |-
bikes3 | bikes4 | 1482/1675|1051/21 | [-
bikes4 | bikes5 |1675/1865 |1207/21 | [1.102e+00, 2.002e+00, 1.000e+00]T |9
bikes5 | bikes6 | 1865/1744 |1227/30 | [-3.67e+00, -2.67e-+00, 1.000e+00]T |8
Leuvenl | Leuven2 | 869/879 | 616/22 | [3.367e+00, -2.35e+00, 1.000e+00]* |11
-
[
-
[

1.47e+01, -2.25e+00, 1.000e+00]" |7
3.91e+00, -6.78¢+00, 1.000e+00]T |10

Leuven2 | Leuven3 | 879/842 | 608/25 | [-6.17e-02, -9.80e-01, 1.000e+00]" 13
Leuven3 | Leuvend | 842/828 | 580/29 | [2.584e+00, -3.57e+00, 1.000e+00]T |18
Leuven4 | Leuven5 | 828/838 | 502/29 | [-5.96e+00, 1.191e+00, 1.000e+00]* |11
Leuven5 | Leuven6 | 838/871 | 486/26 | [1.291e+00, -6.18e+00, 1.000e+00]* |10

Table 4.3: Estimating the change of camera position for images with a small shift does
not require the construction of a homography. For practical reasons, however, we use the
same approach like for planar images. This is possible because images with a small shift
look like planar images to the algorithm that have no depth at all. From the established
homography matrix H we can extract the translation vector V' describing the change
of camera position. Based on this vector we compute the ground-truth matches (GT)

between the sets of descriptive segments.

The images of the bike and Leuven sequences in our experimental dataset were taken
from almost the same viewpoint. Beside this minor change of camera position there is no
other transformation between these images. The large number of SIFT features brought
in correspondence by RANSAC suggest that the homography matrices are stable, and
so are the translation vectors V. The many ground-truth correspondences established

between descriptive segments of images in these sequences confirm its stability.

4.5.4 FEvaluation

The construction of the homography matrix is not possible for some sequences in our
experimental dataset due to the absence of a planar surface in the scene. This does not
allow us to construct the set of ground-truth matches and, therefore, we will be unable to

evaluate these sequences automatically. The correct matches can, however, be manually
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counted by visual comparison of the segments. We use such a manual approach for all

correspondences in addition to the homography based evaluation. Manual counting of

correct matches can be difficult, especially when the viewpoint changed between images.

To provide accurate results the set of matches is reduced to the best 12. The matches are

selected according to the correspondence measure M (S, T). If refinement was used the

matches were chosen after it. Both correspondence measures are used in the evaluation.

The results are contained in the following table.

Cost MI
I J Refined | Matches | Correct | Visual | Matches | Correct | Visual
backyard1 | backyard2 | no 30 - 0 30 - 1
yes 30 - 0 28 - 1
backyard2 | backyard3 | no 30 - 3 30 - 3
yes 29 - 3 29 - 3
backyard3 | backyard4 | no 30 - 0 30 - 0
yes 30 - 0 28 - 0
bikes1 bikes2 no 30 2 3 30 6 8
yes 29 2 3 26 ) 7
bikes?2 bikes3 no 30 6 7 30 7 9
yes 29 6 7 26 7 9
bikes3 bikes4 no 30 9 8 30 8 8
yes 26 7 7 20 7 8
bikes4 bikes) no 30 9 9 30 9 10
yes 29 8 9 26 9 10
bikesb bikes6 no 30 7 9 30 8 11
yes 24 6 9 25 7 10
boeschl | boesch2 |no 30 - 0 30 - 0
yes 30 - 0 25 - 0
boesch2 | boesch3d |no 30 - 3 30 - )
yes 26 - 3 27 - 5
boesch3 | boesch4 |no 30 - 0 30 - 1
yes 30 - 0 29 - 1
graffitil | graffiti2 | no 30 5 4 30 6 4
continued on next page
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Table 4.4 — continued from previous page
Cost MI
1 J Refined | Matches | Correct | Visual | Matches | Correct | Visual
yes 29 5 4 28 6 4
graffiti2 | graffiti3 | no 30 2 2 30 1 1
yes 29 2 2 29 1 1
graffiti3 | graffiti4 | no 30 0 0 30 0 1
yes 30 0 0 29 0 1
graffitid | graffiti5 | no 30 0 1 30 0 0
yes 30 0 1 28 0 0
graffitib> | graffiti6 | no 30 0 0 30 0 0
yes 30 0 0 30 0 0
homel home2 no 30 - 3 30 - 0
yes 30 - 3 30 - 0
home2 home3 no 30 3 4 30 6 D
yes 26 3 4 22 6 5)
home3 home4 no 30 2 3 30 ) 7
yes 30 2 3 28 ) 7
home4 homeb no 30 1 3 30 7 8
yes 30 1 3 30 7 8
housel house2 no 30 - 0 30 - 0
yes 28 - 0 28 - 0
house2 house3 no 30 - 0 30 - 3
yes 29 - 0 28 - 3
house3 house4 no 30 - 1 30 - 0
yes 30 - 1 30 - 0
house4 houseb no 30 - 5 30 - )
yes 28 - 5 29 - 5
Leuvenl |Leuven2 |no 30 1 0 30 11 12
yes 30 1 0 26 11 12
Leuven2 |Leuven3 |no 30 4 3 30 11 9
yes 30 4 3 26 11 10
Leuven3 |Leuven4 |no 30 2 2 30 18 10
continued on next page
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Table 4.4 — continued from previous page

Cost MI
1 J Refined | Matches | Correct | Visual | Matches | Correct | Visual
yes 29 2 2 28 18 10
Leuven4 |Leuven5 |no 30 1 2 30 11 11
yes 29 1 2 29 11 11
Leuvenb |Leuven6 |no 30 0 2 30 10 9
yes 30 0 2 30 10 9

Table 4.4: The results of the segment matching approach for two correspondence mea-
sures. For each combination of subsequent images in the sequences the number of correct
matches and the visual evaluation is shown. Using the refinement introduced in Section

4.2.1 the number of matches is reduced based on the hierarchical structure.

4.5.5 Analysis by Homography

The homography matrix, or its translation vector respectively, can only reliably be con-
structed for the bikes, graffiti, home and Leuven sequences. Figure 4.6 summarizes the
results of Table 4.4 by showing the average number of correct matches per sequence.
For comparison the number of ground-truth matches is included as well. Because eval-
uation is done against this ground-truth our approach cannot perform better than it.
Assuming the homography matrix is accurate the number ground-truth matches equals
the number of corresponding segments in the set of descriptive segments of I and J. For
example, among the bikes sequence there are on average around 8 descriptive segments
that correspond between two images of the sequence.

The influence of the correspondence measure is large for some sequences. It is no
surprise that the cost measure is less suitable as correspondence measure than mutual
information. The cost measure is most suitable as a dissimilarity measure for segmenta-
tion algorithms, but it is too unstable when it comes to rate the correspondence. The
result of the Leuven sequence in comparison to the bikes sequence is surprising. There
is no change in viewpoint of both sequences, in one brightness and in the other blur is
the varying condition. Not only does brightness have a direct influence on the cost, it
also changes the appearance of the segments because borders in the image vanish. This

has a double effect on the size of the segments which do no longer match very well.
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The preferred correspondence measure is clearly mutual information. For all the
sequences it nearly reaches ground-truth level, meaning most of the available correct
matches were established. It seems not only able to cope with changes in brightness
and blur and it also handles viewpoint changes quite well. The graffiti sequence does,
unfortunately, not provide many ground-truth segments to be meaningful. Certainly, the
distortion of the segments is less in the home sequence compared to the graffiti sequence,

but we can see that mutual information is able to handle both well.

w. vl

bikes graffii home Leuven

correct matches

sequence

|lG-roun¢Truth B Cost mCostrefined = MI  MI reﬁned|

Figure 4.6: Evaluation of the correct matches based on the computed homography. The
correspondence measures have a great influence on the matching approach. Mutual
information is able to find most of the ground-truth matches and is the preferred corre-

spondence measure.

4.5.6 Visual Conformance

Even when no homography is available we can always manually count the number of
correct matches. This visual evaluation is done on the best 12 matches and the result is
summarized in Figure 4.7. These results confirm that mutual information is the better of
the two correspondence measures. Except for the graffiti sequence it clearly outperforms
the cost measurement. As we see our approach performs much better on the bikes, home
and Leuven sequences than on the backyard, boesch, graffiti and house ones. For almost
every correspondence, however, it is able to establish at least one correct match. Only
between 6 of the 29 computed correspondences no correct match is identified. In the

bikes and Leuven sequence almost every match is correct.
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correct matches
[+

. - - m . B N

backyard bikes boesch graffii home house Leuven

sequence

|ICost B Costrefined © MI  MI refined |

Figure 4.7: Average number of correct matches per sequence by visual evaluation. The
mutual information correspondence measure is preferred because it outperforms the cost
measure. Our approach performs well on the bikes, home and Leuven sequence but fails

on the backyard, boesch, graffiti and house sequences.

4.5.7 Refinement Influence

After our approach established the correspondences between the descriptive segments of
both images, refinement is used to validate these matches against the hierarchical struc-
ture of the segmentation. When a match conflicts with the structure of the segmentation
it is removed. This reduces the set of available matches. From the previous results pre-
sented in Figure 4.6 and Figure 4.7 we see that refinement has only minor influence on
the number correct matches. This is desirable since the goal of refinement is to remove
obviously wrong matches. In Figure 4.8 the average number of available matches after
refinement is shown. We see that refinement approximately removes between 10% and
20% of the matches for the mutual information correspondence measure. Therefore, it

improves the ratio of the correct to the incorrect matches.

4.5.8 Summary

Our approach to descriptive segment matching has shown moderate results. Performance
is very dependent on the input as we have seen by the differences between the sequences.
While for some sequences the results were satisfactory for others they were not. At
least there were only a few image pairs where no correct match was identified. This is
encouraging because our approach was able to find matches even if some images were
difficult to match. This difficulty was seen at the construction of the homography where
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Figure 4.8: Refinement is able to remove wrong matches by validation of the hierarchical
segmentation structure. From the 30 matches provided by our segment matching ap-
proach about 10% to 20% are removed. As seen by the results in Figure 4.6 and Figure
4.7 this has only minor influence on the number of correct matches, meaning refinement

has successfully removed incorrect matches.

the combined SIFT and RANSAC approach was not able to find a homography for images
even if they contain a planar surface.

The mutual information correspondence measure has clearly outperformed the cost-
based measure. Among all sequences it has shown equal or better performance and
the difference between the measures is large for some sequences. We conclude that
cost, in contrast to mutual information, is not a suitable correspondence measure for
segments from different images. Using hierarchical information to remove wrong matches
reduces the set of matches without major influence on the number of correct matches.
This refinement is independent on the content of the images and can be used for every

sequence. Because results are very different let us summarize them per sequence.

e backyard: The backyard sequence is probably the most difficult sequence in our
dataset. Beside the change of viewpoint the windows cause reflections. In the
foreground are plants which lead to tiny segments. This makes it difficult for
filtering to find the descriptive segments and matching has to deal with similar

segments that may not belong to the same region in the two images.

e bikes: Both filtering and matching are able to cope well with the added blur between
the images. This sequence has shown decent results with our approach to image

matching.
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e boesch: The building in this sequence does not provide an enough planar surface
for the homography to be constructed. The difficulty of this sequence is especially
due to unclear segments borders caused by the windows and their shutters. In the
front of the building are cars which complicate the scene additionally. We notice,
however, that correct matches of descriptive segments are found on the cars. The

building itself does not seem to be very suitable for matching.

o graffiti: The graffiti sequence was previously used in literature as an example of
feature matching. The combined SIFT and RANSAC approach to compute the
homography works very well for this sequence. Nevertheless, our approach fails to
find correct matches. There is only a small ground-truth caused by a distinct set of
descriptive segments. Due to the similarity of some of these descriptive segments
our approach to segment matching is not able to establish correct correspondences.
The huge viewpoint change complicates matching even more. This leads to only a

few correct matches among the images of this sequence.

e home: In comparison to the graffiti sequence the viewpoint change is smaller in this
sequence. Furthermore, it is not subject to rotation. The larger set of ground-truth
matches indicate that descriptive segment filtering is better with this sequence.
Most of these correct matches were established by our matching approach which

shows its ability to handle changes in viewpoint.

e house: Even if this sequence is similar to the home sequence its performance is
worse. The reason for this is not caused by the different image sizes, because
positions are not evaluated in our approach. It is more a result of the similarity of
the segments. The house of this sequence has many, almost equal sized, windows
and window shutters. This lets filtering choose different windows or shutters and
matching establish correspondences between those. This may also be the reason

for the homography construction to fail.

e Leuven: Like the bikes sequence the viewpoint in this sequence is constant. This
simplifies matching as we can see by the results. A change in brightness between

the images is handled well by our approach.

The success of our approach to segment matching depends on good filtering and
distinct descriptive segments. It works the best for sequences with only little viewpoint

change and handles other varying conditions, such as blur and brightness change, well.
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For sequences where construction of the homography is possible correct matches almost
reach ground-truth level, meaning when the segments are available they are matched
correctly. To conclude this summary we show the best correspondences between two

images of each sequence in Figure 4.9.

boesch2 / boesch3

Leuvenl / Leuven2

Figure 4.9: The best correspondence for two images of each sequence in the experimental
dataset. For each correspondence the best 12 matches are shown. For visualization
purpose the matches in the two images have the same colour. This way correct matches

are distinguishable from wrong ones.

4.6 Discussion

We have presented an approach to descriptive segment matching using mutual informa-

tion as a correspondence measure. With the reduced set of descriptive segments matching
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is a much simpler task than with a full segmentation hierarchy. Segment matching is
very dependent upon the segment filter which has to provide corresponding descriptive
segments. Without them matching is impossible due to the incompatible image sig-
natures. For some of the evaluated image sequences the provided signatures were not
suitable for matching. These sequences were also difficult for other feature matching
approaches like the combined SIFT and RANSAC approach used to construct the ho-
mography. Even though our approach is based on local decisions, it still finds most of the
available ground-truth matches. A global view on matching could, however, improve our
approach. We have seen difficulties for instance with the house sequence where segments
are very similar. By considering the position of these similar segments we might be able
to distinguish them and find the correct match. This requires some assumptions about
the transformation between the images. When there is only a horizontal translation of
the viewpoint, for instance, it is desirable for a segment at the bottom not to correspond
with one at the top. Due to this restriction a similar segment at the bottom is preferred.
Including more of the hierarchical information in the matching is another considerable
improvement. In our approach the hierarchical information is only used for a refinement
that removes obviously wrong matches. We believe, however, that the information in
the reduced hierarchy can be used to support the matching itself. Additionally, it may
also be possible to use a tree-based matching approach to find the correspondences of
the segments. Such matching approaches have been used before, for instance by Glantz
et al. [35], for matching whole segmentation trees. Approaches like this may work even
better for a reduced tree that only contains descriptive segments.

The results are promising, but further work is required to improve our region matching
approach to become an image matching approach. For image matching the construction
of the transformation between the images is required. Such a construction needs relations
between pixels rather than regions and requires some assumptions about the images.
Regions usually contain enough pixels for which a correspondence can be established.
Of particular interest are feature points, like local invariants and corners, of the regions.
Additionally, the centre of gravity or other special points of the regions may provide
suitable pixel correspondences as well. Under the assumption of the regions being on a
planar surface the pixel correspondence can be used to compute a homography matrix.
With the homography established the correspondence of other regions on the same planar
surface can be verified. This makes the identification and removal of mismatches possible.
Ultimately, with an approach like RANSAC the homography backed up by most region

correspondences can be found. For the more general case where regions are not on a
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planar surface a fundamental matrix can be computed from the correspondence of pixels.
With the fundamental matrix any point in one image is mapped to an epipolar line in the
other. This epipolar geometry makes it more difficult to verify region correspondences,
but it is still possible by the analysis of the mapping of feature points in both regions.
With a relatively simple algorithm matching regions in complex images was possible.
This has shown that the concept of reducing the segments in an image to a small number
of descriptive segments simplifies successive tasks. We believe that, with the proposed
improvements, this approach has the potential to become competitive to the current

state-of-the-art image matching approaches.



Chapter 5
Conclusion

In this thesis, we proposed a region-to-region matching system based on a filtered hierar-
chical segmentation. The system is composed of segment filtering and a region-to-region
matching approach. In the filtering phase of our system the large number of segments
of a hierarchical segmentation is reduced in order to lower the complexity of successive
algorithms. Careful selection of the segments included in this reduced set is required to
retain an accurate image signature. We have seen that filtering based on the criteria
introduced in Section 3.1 leads to suitable image signatures. Successive processing, like
our region-to-region matching, benefit from these simplified signatures due to the limited
availability of segments.

Hierarchical segmentations are very interesting image signatures. They do not as-
sume any granularity of the regions and contain the fine and the coarse structures of an
image. The availability of regions of any size comes at the cost of a large feature space.
Approaches that use hierarchical segmentations have to deal with the large number of seg-
ments available. Our descriptive segment filter, being the key contribution of our work,
chooses a set of segments important to the image. The importance of these descriptive
segments to the image is computed based on their appearance and their position in the
hierarchical segmentation. Two different approaches were evaluated for such a filtering.
The queue-based one, which uses the merge history of an bottom-up hierarchical segmen-
tation algorithm, has shown to be unsuitable for the selection of descriptive segments.
Instead, we propose a two-phase filtering approach that is composed of a selection and a
sorting phase. In the selection phase potentially descriptive segments are chosen from the
hierarchical segmentation by the difference in size compared to their parent. The sorting

phase takes these potentially descriptive segments and orders them by importance to
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the image. This sorting uses a combination of variance, appearance-based cost and size
of the segments to determine the ordering. For the evaluation of our approach we use
a comprehensive dataset composed of image sequences from the literature and our own
work. Based on this dataset we have shown that our filtering identifies the important
regions independent of the used segmentation algorithm. This reduced image signature
lowers the complexity of many algorithms that use hierarchical segmentations.

An approach that benefits from the simplified image signature is our region-to-region
matching. Given two images of the same scene we use a modified mutual information
measurement to estimate the similarity of regions. Based on this similarity a set of region
correspondences between the images is established. The approach is generic and does not
make any assumptions about the images. This is especially useful for situations where
no projected geometry exists, for instance when matching an image to a sketch or a 3D
model. For the evaluation of our approach we established a set of ground-truth matches
for the dataset used in filtering. We have seen that correct region correspondences are
identified for most of the images in the dataset. The magnitude of the number of correct
matches however varies depending upon the image content. Even though the results are
encouraging further work is required to refine the matching.

Our approach successfully reduces a hierarchical segmentation to a set of descriptive
segments. The chosen segments are a suitable signature that contains unique features of
an image. Based on the simplified image signature region matching with a correspondence
measure is possible. This is only one of the many applications our descriptive segment
filter is suitable for. Any approach that uses hierarchical segmentations can benefit from
this filtering.

5.1 Future Work

We would like to verify the effectiveness of our approach to hierarchical segment filtering
with other applications and additional segmentation algorithms. The segmentation algo-
rithms that we used had minor influence on the filtering but there are some assumptions
about the structure of the hierarchical segmentation, i.e., the significance of segment
size, that might not necessarily be true for other hierarchical segmentation algorithms.
In this case an adjustment of the selection and sorting criteria is needed. Regardless,
the refinement of the criteria, especially for sorting, is an avenue of research for further
improving the filter. Though the results were satisfactory a sort criteria with a larger

penalty for non-descriptive segments may even enhance them.
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The presented region-to-region matching approach is one application of our filtering.
The construction of a reduced hierarchy based on the descriptive segments makes the
filtering suitable for any algorithm that uses a hierarchical segmentation. This includes
algorithms in the field of content based image retrieval, stereo vision, object recognition,
scene reconstruction and many more. In content based image retrieval, for instance, a
similarity measure based on descriptive segments could be computed. This task is similar
to our region matching and the correspondence measure can possibly be modified for it.
It is definitely desirable to use the filtering for applications different than matching.

Our matching approach features the computation of a region-to-region correspon-
dence based on a similarity measure. This similarity measure uses a modified mutual
information measurement which requires the transformation of the regions to a coordi-
nate system where their centre of gravity is at the origin. This causes same regions in
two images not to overlap each other when the images are rotated. A proposed improve-
ment to the similarity measure is to maximize the overlap of regions by translation and
rotation. This will enhance the similarity measure because the entropy shared between
the regions is dependent on their overlap.

There are various ways to establish a transformation between images. Most of them
require a set of corresponding pixels between the images. It is feasible to find feature point
correspondences based on the region correspondences. Corresponding feature points
may also be found in an asymmetric approach where one image is left untouched. The
transformation between the images can not be computed without assumptions about
them. When the features are on a planar surface a homography is to be computed. A
fundamental matrix describes the transformation in case they are not. Generally, this
is only applicable when the imaging process can be described with projective geometry
but if matching computer-generated images that may not hold.

Refinement validates the established region correspondences against the structure of
the segmentations. Matches that do not agree with the structure are removed. The hi-
erarchical structure, especially its reduced form composed of descriptive segments only,
certainly contains more information than our matching approach currently uses. Hence,
refinement can be improved to add or reallocate matches based on the hierarchical struc-
ture. Ultimately, the hierarchy may be the only datastructure necessary for matching.
The number of operations necessary to transform a tree of descriptive segments into
another one can be a measure for similarity. Among a set of images, the image with the
reduced hierarchy that requires the least number of operations to match the hierarchy

of the query image, could be chosen as the match.



Appendix A

Dataset

This appendix contains the images in the experimental dataset. Each figure shows one
of the seven sequences of the dataset. Within the figures the rows contain (fl.t.r.) the
original image, the manually selected descriptive segments, the two-phase filtering result
and the union between the two. For more information about the two-phase filtering refer

to Section 3.4. All images were segmented using the standard segmentation algorithm.
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Figure A.1: The backyard image sequence.
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Figure A.2: The bikes image sequence.
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Figure A.4: The graffiti image sequence.
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Figure A.7: The Leuven image sequence.
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The following figures present the difference between the standard (top) and the alter-
native (bottom) segmentation algorithm. Each figure contains the same columns as the

previous ones.
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Figure A.9: Segmentation algorithm comparison using bikesl image.
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