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ABSTRACT

With the launch of NASA’s Solar Dynamics Observgtanission, a whole new
age of high-quality solar image analysis was stiart®ith the generation of over 1.5
Terabytes of solar images, per day, that are tewestihigher resolution than high-
definition television, the task of analyzing theny Bcientists by hand is simply
impossible. The storage of all these images beca@nsesond problem of importance due
to the fact that there is only one full copy ofstmepository in the world, therefore an
alternate and compressed representation of thesgesnis of vital importance. Current
automated image processing approaches in solarcgtai® entirely dedicated to analyze
individual types of solar phenomena and do notwallesearchers to conveniently query
the whole Solar Dynamics Observatory repositorysforilar images of their interests.

We developed a Content-based Image Retrieval sy#taincan automatically
analyze and retrieve multiple different types dbs@henomena, this will fundamentally
change the way researchers look for solar imagassimilar way as Google changed the
way people searched the internet. During the deweémt of our system, we created a
framework that would allow researchers to tweak dadelop their own content-based
image retrieval systems for different domain-speaifplications with great ease and a
deeper understanding of the representation of dos@ecific image data. This
framework incorporates many different aspects ofgen processing and information
retrieval such as: image parameter extractiondduced representation of solar images,
image parameter evaluation for validation of imgmrameters used, evaluation of
multiple dissimilarity measures for more accuratatad analysis, analyses of
dimensionality reduction methods to help reduceaasgfe and processing costs, and
indexing and retrieval algorithms for faster andrenefficient search. The capabilities of
this framework have never been available togetheamaopen source and comprehensive
software package.

With these unique capabilities, we achieved a hidéneel of knowledge of our
solar data and validated each of our steps intoctBation of our solar content-based
image retrieval system with an exhaustive evalmati®he contributions of our
framework will allow researchers to tweak and depehew content-based image
retrieval systems for other domains (e.g astronomgdical field) and will allow the
migration of astrophysics research from the indigidanalysis of solar phenomenon into
larger-scale data analyses.
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CHAPTER 1

INTRODUCTION

With the recent launch of NASA’s Solar Dynamics @&tsitory mission, we have
been presented with the unique opportunity of lgvanmassive repository of high-
guality solar images to analyze and categorize. iigsion’s Atmospheric Imaging
Assembly (AIA), generates a set of eight 4096 @xel4096 pixels images every 10
seconds. Which leads to a data transmission raappmbximately 700 Gigabytes per day
(the entire mission is expected to be sending abduierabytes of data per day), for a
minimum of 5 years.

In this document, we propose the creation of a émork that will aid us in
constructing a large-scale content-based imageevatr (CBIR) system for unlabeled
solar phenomena, which is a novel idea in the faéldolar physics - while still being an
important computer science challenge [1, 2, 3,]4M&any solar physicists have been
working on the recognition and categorization afiwidual types of phenomena with the
use of custom-tailored algorithms for individualeplomena. Also, some domain-specific
CBIR systems (e.g. medical and military images)ehbeen implemented on a smaller
scale, but have proven to be constrained by tpeicifcity [6]. Since there are no ‘out of
the box’ solutions that will work in this domaimet building of a CBIR system for large
scale solar phenomena recognition and classificasi@ non-trivial task.

In order to create such a system, a new framewdrichwprovides a testing
environment that would allow different image paréeng and large scale image

processing techniques to be fully tested for déifédrdomain-specific datasets is of vital
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importance. The same principle can be applied Jourisupervised and supervised
attribute evaluation methods, 2) dimensionality uctthn techniques, and 3) high-
dimensional data indexing algorithms. This willoail our framework to be configurable
enough to help in the construction of large-scdRCsystems for different domains.

The novelty of this framework is the capabilityafmbining different aspects of
large-scale data processing in order to creatett@rbguited retrieval mechanism for
different domain-specific data sources. With sudhaenework in place, researchers will
be able to try to combine different combinationsneéthods to determine the optimal
configuration/combination of methods. This is dwe the fact that many retrieval
techniques, when dealing with high-dimensional spatend to produce different results
depending on the domain of the data they are beistgd on (e.g. sparse data behaves
differently than dense data). To our knowledgeyehis nothing available that allows
researchers to perform the combination and testirggich tasks presented in this image
retrieval framework.

Such a framework will allow, and hopefully encowagesearchers to improve it
in order to create an even more helpful tool thatuhd allow the construction of CBIR
systems in a faster and more efficient mannerlewahg them to focus on the domain-
specific performance issues they encounter, rdtiar on the work needed to build a
testing and deployment framework. A framework ltkes could also be very beneficial
for researchers and students investigating thedations for a CBIR system in both

academia and industry, since the framework willowll them to quickly test
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predetermined image parameters, image processihgitgies, etc., in their own domain-

specific dataset without the need to start fronatstr.

Document Organization

This document is organized into the following sefws:
Background Information
Benchmark Datasets
Features for Image Retrieval
Classification Algorithms for Evaluation
Image Filtering for Solar Images
Attribute Evaluation
Dissimilarity Evaluation Measures
Dimensionality Reduction
Indexing Algorithms

General Conclusions

Framework Outline and Contributions

In order to build our framework, presented in figur.1, we will start like other
researchers [6, 7, 8] have done in the past, Bfdéyr selecting the image parameters we
wish to extract and feature in our framework. Siaae domain-specific images are black
and white and do not contain perfectly outlinedpssa based on [6, 9, 10] we decided to

primarily implement texture-based image parameféhe reason is that these types of
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parameters have been shown to be effective forlainmages in the area of medical
CBIR systems. In [6] the authors provide a veryrdigh and explicit investigation of
many image parameters and provide charts thatamllfuture researchers in selecting
which image parameters will work better for theartpcular images.

Immediately after commencing work on selectingithage parameters-€ature
Extraction Modulein figure 1.1) we noticed that, while there arenso'out of the box’
freely available tools to determine the usefulneEsmage parameters (e.g. attribute
evaluation in WEKA [11]), there is a need to beeatd perform other types of attribute
evaluation on the image parameters to better detertheir usefulness and gain the trust
of researchers from the solar physics communityerevltorrelation-based tests are more
popular than entropy-based evaluation. This is whee decided to start work on our
framework; we wanted to be able to extract and asstnany image parameters as we
desired while being able to compare them in a st&si manner. In this steptfribute
Evaluation Modulein figure 1.1), our framework is constructed ttoal us to perform
unsupervised attribute evaluation (i.e. correlafioalysis), and it also allows us to output
WEKA files, ready for the supervised attribute exion methods provided in WEKA.
This is achieved in an automated way, after copyiregimage dataset in a folders and
configuring a few initial parameters.

In order to enable testing, and the determinatioth® usefulness of the attribute
evaluation methods, our framework allows usersutoraatically (or manually) specify
which image parameters to remove in order to erpart on them. The framework will

output WEKA files that will allow users to performlassification on them, for
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comparative purposes only, and verify what kincefiéct the selected parameters have
on the results when compared against all paramé@ensiparative Evaluationsections
in figure 1.1, right-hand side). Here the users manany classifier they want (available
in WEKA or compatible software) and with any seajsrnthey desire. The classification
task, in this stage, is merely for comparative gsialof the interaction between the image
parameters in the classifiers, and to determinleely are worth keeping or can be safely
ignored for future tasks.

Paying special attention to dissimilarity measus#sce they can outline certain
peculiarities of different datasets, we decidethtmrporate 17 different measures (listed
in figure 1.3) that are highlighted in the litensuas the most relevant ones in different
areas of image processing and retrieval. We cawen the traditional Minkowski based
measures (i.e. Euclidean distance [12], Manhattstarice [12], etc) to more ‘modern’
and newly used measures to compare histograms [(IBDKLD [14], Hausdorff [15]).
With the addition of these measures, we allow itusers of our framework to test
different measures that will allow them to gainigigs on their domain-specific datasets
when performing correlation analysis. These measwi# also be of great use for our
multi-dimensional indexing component of the framekyaand will be discussed again
later in this section.

One of the most important stages in building a CBigtem (and on our
framework) is the dimensionality reduction staBenfensionality Reduction Modulen
figure 1.1). Since most image parameter vectorsgang high in dimensionality, they will

become very problematic when it is time to storeerg, and retrieve them depending on
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the volume of the dataset. We have incorporatedun framework eight different
dimensionality reduction techniques that will alltle researcher to determine which of
them produces the best (or closest to the best)tseim their domain-specific dataset.
Since most datasets are different, we incorporatégterent linear and non-linear
dimensionality reduction techniques that take athge of different properties of the
dataset in order to produce an optimal low-dimemsiaepresentation of the original
data. These techniques vary from the classicalcipah Component Analysis [16] to
more modern methods like Laplacian Eigen maps [ai§l Locally-Linear Embedding
[18], with the only common factor that all of thesethods employed in our framework
have a mapping function to map new unseen datati@oeduced dimensional spaces.
Having a mapping function is a fundamentally impattissue since we want to be able
to process new/unseen data from the user’s queries.

In the last section of our frameworkndexing Modulein figure 1.1, outlined in
detail in figure 1.2) we tackle the problem of iroey multi-dimensional data by
providing the user with seven different indexingama&nisms to try on their datasets.
With an innovative and configurable set-up, we vallow users to combine all the
previously mentioned similarity measures and dinmradity reduction methods
alongside several of the indexing mechanisms, mheroto produce domain-specific
indexing structures. There have been many diffgrerdmed indexing mechanisms that
allow users to use different similarity measured dimensionality reduction techniques
in order to achieve efficient retrieval, but onty fa few domain specific problems [19,

20, 21]. Our framework has more of a ‘plug and pfagl to it, since the users are not
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restricted in any combination of measures (figur8) lor dimensionality reduction
techniques that they want to investigate. The naaralso add the ones he desires using
our framework to combine and evaluate them.

As outlined in this chapter (and on figure 1.1g groposed framework will allow
users to efficiently test image parameters thal vallater used on their domain-specific
CBIR system. This framework provides a solid fouraaof evaluation methods that are
currently not available in any other freely avalialsoftware. By combining Matlab
scripts and toolboxes, with open source indeximgprhm implementation and the
WEKA'’'s API, we provide users the ability to quickipterconnect these software
packages and focus more on the dataset-specifiigmns they encounter rather than the
implementation side of things. Going a step furthfar researchers with high-
dimensional datasets we provide the capabilityegi several dimensionality reduction
methods at once. Since retrieval is one of the nmopbrtant parts for the success of
CBIR systems, we also include a moduledéxing Module in figure 1.1) that allows
users to fine-tune widely accepted single-dimeraiandexing algorithms for multi-
dimensional data to better fit their needs by ailgmhem to change a wide variety of
parameters. This module also contains testingitiasilthat will allow them to easily
verify how their dataset is performing under theeafied combination of indexing
method and parameters, giving the users greabiflgyiwhen testing their newly created

indexes.



Benchmark Image Dataset

FRAMEVORK:

Pre-determined Image Parameters:
- Mean

- Standard Deviation

- Third Moment

- Fourth Moment

- Relative Smoothness

- Entropy

- Uniformity

- Fractal Dimen
- Tamura Contrast
- Tamura Direccionality
- Tamura Coarseness

- Gabor Vector

* Uzers can add their own

Comparative Evaluation
with Classifiers

Feature Extraction Module

Unsupervised Attribute Evaluation
- Correlation Analysis

Comparative Evaluation
with Classifiers

Supervised Attribute Evaluation
- Chi Squared

- Gain Ratio

- Info Gain

Attribute Evaluation Module

Dissimilarity Evaluation
- Using Dizzimilzrity
Measures Module (Figure 1.3)

s (LPP)

Comparative Evaluation

with Classifiers

Dimensionality Reduction Module

Non-inear dimensionality reduction methods
- Kernel FCA

Linear Embedding (LLE)
o 1l

an Eigenmsps (LE)

Indexing Module
(See Figure 1.2)

Figure 1.1. CBIR Building Framework Layout



Unmodified or Modified (dimensionally reduced) Data Space

Multi-Dimensional Indexing

R-Tree

h 4 ¥ b 4

¥

Single-Dimensional Indexing for
Multi-Dimensional Data

iDistance

X

r

Dissim
Measu

ilarity
res

Module
(Figure 1.3)

¥

4

Pyramid-tree

B+-Tree

v

Resulting Indexing Structure for Image Parameter Data

Figure 1.2. Indexing Module Layout

Dissimilarity Measures Module

Minkowski P-norm

¥

¥

Manhattan Distance P=1

Euclidean Distance P = 2

Standarized Euclidean

Mahalanobis

Cosine Distance

Correlation Distance

Spearman Distance

Histogram Based

h 4

Chevyshev Distance P = Inf

Fractional P = 0.25, 0.5, 0.8, 0.9, 0.95

Hausdorff Distance

Chi Squared Distance

Jensen-Shannon divergence (J5D)

Kullback-Leibler divergence (KLD)

Figure 1.3. Dissimilarity Measures Module




10

Contributions to Computer Science

Creation of a CBIR Building FrameworkVith our novel application came the

realization that while most stages and techniqeesled to develop a CBIR are available
via countless research papers, survey papersjtAlgamplementations, and open source
CBIR systems, there is the lack of a common frankvloat would allow a researcher to

fully focus on the peculiarity of their domain-sgecimage dataset rather than building a
testing environment, gathering code from multimarses, and implementing everything

to be able to test new image parameters on thetifspimage dataset. With such a big

missing component, and based on our own experiavedheorize that many researchers
in this area are spending most of their time boddiheir testing framework and adding

features to it, rather than testing the image patara they desire and focusing on how to
better describe their images in terms of buildingraage parameter vector.

We believe this is a considerable contribution aint will allow future
researchers to spend their time gathering a deemarstanding of their data, this in turn
will allow their CBIR system to be better optimizéat their domain-specific task. With
all of the components in this framework, our workdreating a CBIR system for the
Solar Dynamics Observatory has been greatly aidetiding able to test new image
parameters, dimensionality reduction methods, sgamlessly and allowing us to fine

tune our system for better performance.
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Creation of a Composite Multi-Dimensional Indexifigchnique:An important

addition to our CBIR building framework is the atyilto allow the user to use one of
several indexing mechanisms for their image paramegctor. With high-dimensionality

comes high complexity in terms of data retrievall anany of the current single-
dimensional indexing for high-dimensional data noethrely on a combination of some
kind of dimensionality reduction method and trahstathe new dimensional space into
1-D segments to be efficiently indexed by a B+-tleeour framework, the user will be
able to select one of our eight state-of-the-ametfisionality reduction methods and
combine (and test) them with eight different highhensional data indexing

mechanisms. This will allow users to test and dekbe most optimal retrieval

mechanism for their needs. Since most retrieval haesms are highly domain-
dependent, here users can test several indexingamisen combinations and pick the

best, or they can implement their own which camdbded to this framework.

Contributions to Solar Physics

Creation of a CBIR for Solar Dynamics Observatdrye need to quickly identify
phenomena in the growing number of solar imageviged by the Solar Dynamics
Observatory is of great importance since the tintepd-labeling is simply impossible
with the volume of data generated. Individual alfpons work on identifying particular
solar phenomena in SDO images, but they are nigtifukgrated to allow researches to
guery their entire repositories, let alone in a boration of them. In our novel approach,

our goal is to have at least ten different solagn@mena classes in our CBIR system
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(currently we have eight), allowing scientists taiakly retrieve images similar to the
ones they find interesting, and search in a repgsthat contains more than one type of

solar phenomenon.
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CHAPTER 2

BACKGROUND INFORMATION

Content-based Image Retrieval

Content-Based Image Retrieval (CBIR) can be dask to 1992 [22], and the
term is used to describe the process of retrienrages from a specific collection based
on descriptive image features or parameters. CBIRroad terms is the application of
computer vision techniques to the image retrievablgm (the problem of searching for
digital images in large databases). The term “Qurbt@sed” implies that the search will
analyze the contents of the images, rather thaicalypext metadata such as keywords,
tags, and descriptions generally associated wehntfage. The image content is analyzed
by using: descriptors, histograms, colors, shafedures, etc., that can be extracted or
generated from the image. One of the main apptinatof CBIR spawned from the need
of producing relevant results for image search masyi without relying on deficient
metadata that produced a high number of irrelewasuilts. This can easily be addressed
by humans generating the metadata, but this salugianfeasible with high volumes of
image data generated every day; Flickr indicatef28), their users upload a total of
4,320,000 new images per day. In our particular @arof application, the SDO mission
will be generating approximately 69,000 images @day, making the task of hand
labeling them impossible.

Some authors [1] in one of the main survey papershe subject, believe that

current CBIR systems are described as any piedecbiology that helps to organize
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digital image archives by their visual content. @h¢he most important aspects of CBIR
is that we have researchers from different fieldsn{puter vision, machine learning,
information retrieval, human-computer interactiatgtabase systems, Web and data
mining, information theory, statistics, and psydwyl) contributing and becoming part of

this growing community [24].

Image Collection/Datasat
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Query Image

Image Enhancement

¥ Image Segmentation’Subdivision

Image Segmentation/Subdivision ‘

r

Feature Extraction

Feature Extraction ‘

* Zim ilali!)- Comparison
and
Feature Vector Creation Retrieval
r
Feature Vector Indexing U";I:'“'
Similar
Images
User Querying

Content-Based Image Retrieval System

Figure 2.1. Traditional layout of a CBIR system

There are many very comprehensive surveys on CBBER 26, 27, 28], but their

main shortcoming is that they refer to advancesthadstate of the field pre-2000. Not
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until [1] has there been an update on work don€BiR with emphasis on image
retrieval. For our domain specific problem of solarages, we referred to surveys of
high-dimensional indexing of multimedia data [28PHaapplications of CBIR to medicine
[30] since they seem to fit the constraints of own CBIR system. In the next pages we
will provide a brief discussion of the evolutiontbk field over time while indicating the
essential needs for building a successful andieficCBIR system.

In terms of image segmentation/subdivision (fig@rg), we find that significant
progress had been made in the field of image segti@m since the early beginings, for
example in [31] and [32], where snake- and regimwing ideas were combined within
a principled framework and spectral graph partingnivas employed for segments and
shape matching needs. The use of graphs to reprepatial relationships between
objects was geared towards medical imaging in [33method for automatic feature
selection was proposed in [34] and in [32] the ¢opi visual content description was
nicely concluded showing the advantages and prableilmimage segmentation, along
with other alternatives to it that still charackes image structure well enough for
retrieval. While there are many approaches for sggation, in our particular domain-
specific problem we will utilize a simpler and moeéfective (for our solar images)
approach as describe in chapter 4. We point oufdlf®ving very useful survey papers
on the subject [35, 36, 37] for and in-depth loaloithis rich field.

The most important and crucial part of a CBIR systavolves the selection of
image parameters for feature extraction (figurg.Zlhe most important thing here is to

be able to determine what image parameters toaxirarder to achieve meaningful and
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relevant retrieval. The use of color histogramsifieage indexing was first introduced in
[38], later it was popularized in CBIR systems sashQBIC [39], Pictoseek [40], and
VisualSEEK [41]. Later improvements were made bking specular reflection and
shape into consideration in [42], and on [43] cobmrrelograms were proposed as
enhancements to histograms, taking into considerathe spatial distribution of the
colors. In order to improve color layout, Daubeshigavelet transforms were used in the
WBIIS system [44]. Analysis of color image paraerstis one of the main steps for
researchers working on new CBIR systems, with emsighan exploiting color spaces
(YCbCr, LUV, etc) that seem to coincide better wiglgular human vision than the basic
RGB color space -- even for print CMYK proves torhere effective. In recent years,
research on color features has focused more ooahsruction of image signatures out
of colors. A set of color and texture descriptagstéd for inclusion in the MPEG-7
standard, and well suited to natural images aneoyids described in [45] as well as
chapter 4. Textural image parameters capture taputarity and repetitive patterns of
surfaces within in a picture, and their role in domspecific image retrieval, such as
satellite imagery and medical imaging, is partidylanteresting for our own solar image
domain. These textural image parameters have bedyzad for many years in the fields
of image processing and computer vision, and aatlves for texture-based image
retrieval, has been proposed in [46] involving dpplication of banks of Gabor filters to
the images, and calculating the image parameters the filtered outputs. There are
many textural image parameters but for the sal®iptliscussion, the ones we have pre-

selected for our CBIR system are defined and desdrin chapter 4.
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As a main difference between other works talkingualithe structures of CBIR
systems, we have added the ‘Feature Vector Créanoaule in our figure 2.1. The
reason we added this section was to introduce tiadysis of said image parameters
before building a full system. In this step, we pwse the utilization of attribute
evaluation methods in order to determine the usehd of the selected image parameters.
A more in-depth discussion of this comes in chaptéWe also propose the analysis of
said image parameters with not only the Euclidestadce, as other researchers have
shown [6, 12, 7] there are other distance methes tan find underlying relationships
between our image parameters that are not sedmehlyaditional Euclidean distance. We
have an ample discussion (and very interestingltsgsior this proposed dissimilarity
evaluation in chapter 7.

Once our image parameters are extracted and esd|uttie very important
guestion as to how they could be indexed and mdtelgainst each other for retrieval
arises. The resulting feature vectors are of vegl dimensional nature, and indexing of
high-dimensional data is one of the biggest chghsnof CBIR systems. Numerous
approaches have been proposed: R-Trees [47], REsT@8], KD-Trees [49], iDistance
[50], Pyramid-Tree [240], to name a few. Howeveona of these methods seem to
address or be presented using more than 30-40 diamen[52, 30].In LDR [53] we first
see an analysis that presents results on real etstasd 120 dimensions. High-
dimensional indexing remains one of the most reteal areas in CBIR, and there are
constantly new algorithms being developed. In sa@uadier approaches, particularly

applied to CBIR systems, we have: [34], where sint}y measures are grouped for
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feature-based matching, structural feature matchindpierarchically ordered sets of

image features [54], object-silhouette-based matchi55] and learning-based

approaches for similarity matching [56, 57]. In @proach, we incorporate dissimilarity
measures with iDistance, the most effective singheensional indexing algorithms for

high-dimensional data we found through our literatieview. As we will show in several

chapters of this dissertation, the use of differgntilarity measures will help us find

hidden relationships between the domain-dependeae parameters and find surprising
relationships that are not easily discovered ugimg traditional Euclidean distance
similarity measure.

Wide usage of CBIR systems is still not very commenmd while there are a few
very used systems such as Yahoo! Image Search,Gaagle Image Search, these
systems rely heavily on metadata (such as file paoreounding text, etc) and have very
poor performance when it comes to complicated seatcin recent years these search
engines have mimicked the incorporation of contexsted features. For example, when
we query for a certain type of car, lets say a éh@sthe search allows us to look for a
specific color. However, this is still based on soaf the metadata as you can find when

hovering over each of the returned images (seedigL2).
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Figure 2.2. Example of Google Image Search ‘colafoining’ feature

Another very visible application of CBIR systems used on the website
Airliners.net. In this vast source of informationdapictures of airplanes, we have the
similar search for pre-indexed images (as seerigar€ 2.3). The CBIR system behind
the image retrieval of this site has been develdpedVang in [58], which has also
spawned other systems such as the CLUE projech (geégure 2.4). There are also
more general uses for CBIR systems such as farfilypamanagement, astronomy, and
remote sensing; [59, 60, 61]. One of the main dekb of these systems is that they rely
on retrieval of whole images when the actual ohgcepresented in a very small section

of the image. This will lead to very random resuéts seen in (figure 2.4), where all the
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images contain a dominant amount of blue color nakhem easily retrievable, but they

do not seem to match our query image at all.

View Large ‘u"iew similar

i T — Ml .
et ¥ . View Large View similar
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Figure 2.3. CBIR in Airliners.net [62] portal thatows users to find similar airplane images
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Figure 2.4 CLUE (Cluster-based Image Retrieval&ugq63] query example
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In terms of CBIR systems that have spawned froreareh projects, and are now
freely available for other researchers to customize have the Flexible Image Retrieval
Engine (FIRE) [64] created by Thomas Deselaers amgtoup of researchers at the
Human Language Technology and Pattern Recognitioougs of RWTH Aachen
University. This system to our knowledge is on¢haf very few that is fully available to
the public and relies on content-based featuresirfage retrieval tasks. While the
interface and relevance feedback mechanisms a&dglprovided and implemented, this
system is somewhat complicated to extend and imgaimew image parameters on it. A

sample query retrieval results is provided on imiagare 2.5.
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Figure 2.5 Query retrieval example in FIRE [64].
As we have learned during our literature reviewcpss of CBIR systems, very
few researchers actually discuss their parametectgen in detail such as in [6]. And
even in this discussion, there are several keystgbalissimilarity evaluation that are not

addressed in the extent as we present in the frankeoutlined in this document. There
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is also almost no real guidance into how to idgntdluable image attributes and observe
the trade-offs from discarding them or combiningnth via different metrics. The
proposed framework in this dissertation aims toecoMose deficiencies and create a
useful tool for researchers and educators embar&nghe task of building a CBIR

system for any type of domains.

Image Processing in Astrophysics

Since the first space-based observations of theisuBUV and X-rays with
Skylab the 1970's, NASA has been gathering massivaunts of solar images. With the
launch of the Japanese/US/UK Yohkoh satellite i8119he influx of solar images has
been uninterrupted. The ESA/NASA Solar and Helesg Observatory (SoHO)
launched in 1996, and the Transition Region ando@air Explorer (TRACE) in 1998,
added more types of solar images: full-Sun Extréitte-violet (EUV) images, visible
wavelength images, and magnetograms. The most treB&SA's Solar Dynamics
Observatory launched on February 11 2010, is ctiyr@noducing around 1.5 terabytes
of data per day (it takes 4096 pixels x 4096 pixeisges of the entire Sun, in 8
wavelengths every 10 seconds) leading to a totalvef 69,000 images per day. With
such advances in the acquisition of solar imagesearchers have been faced with the
problem of identifying solar phenomena in them, arth the current transmission rate,
the hand labeling of them is virtually impossible.

In recent years, multiple attempts were made toraatically identify specific

types of phenomena from solar images. Zharkovd. §%4] using Neural Networks,
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Bayesian interference, and shape correlation, hde®ected phenomena including
sunspots, flares and, coronal mass ejections. dliarknd Schetinn [65] have trained a
neural network to identify filaments within solanages. Wavelet analysis was used by
Delouille [66] along with the CLARA clustering algthm to segment mosaics of the
sun. Irbah et al. [67] have also used wavelet foams to remove image defects (parasite
spots) and noise without reducing image resolufammfeature extraction. Bojar and
Nieniewski, [68] modeled the spectrum of the diszieourier transform of solar images
and discussed various quality measures. Howeveramgenot aware of any single
technique reported effective in finding a variefypbenomena and no experiments have
been performed on the size of repository even coampato the dataset we will have.

Automatically detecting individual phenomena inaolmages has become a
popular topic in recent years. Zharkova et al. [2B#scuss several methods for
identifying features in solar images including Acial Neural Networks, Bayesian
interference, and shape correlation analyzing fdiferent phenomena: sunspots,
inference, plage, coronal mass ejections, andsflakatomatic identification of flares, on
the SDO mission, will be performed by an algoritbriginating from Christe et al. [69]
which works well for noisy and background-affecteght curves. This approach will
allow detection of simultaneous flares in differ@ctive regions. Filament detection for
the SDO mission will be provided by the “Advancedtémated Filament Detection and
Characterization Code” [70]. The algorithm goes drely the typical filament
identification, in that it determines its spine amdentation angle, finds its magnetic

chirality (sense of twist), and tracks it from ineaip image for as long as they are visible
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on the solar disk. Additionally, if a filament isdken up into two or more pieces it can
correctly identify them as a single entity. As tbe coronal jet detection and parameter
determination algorithms, they will work on databes covering a box enclosing the
corresponding bright point and extending forwardinme. SDO methods for determining
the coronal jet parameters are described in d@tafl71]. Oscillations on the SDO
pipeline are detected using algorithms presenteld ®hand [73] that consist of Wavelet
transform analysis. In order to detect active regithe SDO pipeline use the Spatial
Possibilistic Clustering Algorithm (SPoCA) that waeveloped by Barra [74], and
produces a segmentation of EUV solar images in&ssels corresponding to active
region, coronal hole and quiet sun.

As we can clearly see, the majority of currentlpplar approaches deal with the
recognition of individual phenomena and a few anthhave demanding computational
costs, and it was not until recently that Lamb d#cussed creating an example based
Image Retrieval System for the TRACE repositoryisTif the only attempt we are aware
of that involves trying to find a variety of phenena, with expectation of building a

large-scale CBIR system for solar physicists.
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CHAPTER 3

BENCHMARK DATASETS

Introduction

CBIR systems have been shown to be very domaicifgpeand require a
benchmark dataset in order to be built. This wasréicular problem for our application
(solar images) as we found that since there wawidely available multi-class dataset,
we had to create our own. Introduced in [75] oulaslet covers several different solar
phenomena in equally balanced representations.téileld description of this dataset is
found in section 3.2. For comparison purposes offamework with other datasets we
also analyzed five other domain specific (and wdifferent) datasets. We utilized two
medical datasets from the ImageCLEFMed image atiootaand classification
competition [76], two general purpose datasets floenPASCAL Visual Object Classes
(VOC) challenge [77], and the INDECS Database [Ech of these datasets provides
different domain images that will allow us to vatid our domain specific experiments
with our own solar dataset and will allow us tocdiger the usefulness of the framework
presented in this work in the process of buildinBIR systems for other domains.
Selecting very different types of datasets willaclg allow us to show the domain-
dependency of image parameters and the need tarmegiach section of this framework
on the intended dataset in order to gain insightalde insights about it and aid in the
construction of a CBIR system for that particulamhin. The six datasets will be

explained in detail in individual sections in tleisapter.
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Solar Dataset

Dataset Creation

The Solar dataset was created using the HeliophySients Knowledgebase
(HEK) portal [79] to find the event dates. Then re&ieved the actual images using the
TRACE Data Analysis Center’s catalog search [80je §earch extends into the TRACE
repository as well as other repositories. To mdkenages consistent, we filtered out all
results that did not came from the TRACE missioabl& 3.1 provides an overview of
our dataset. All images selected have an extest t#bYPartial Sun”. All events retrieved
were queried within the 99-11-03 to 08-11-04 dareges. As one can see from the table
3.1, for the 16 events searchable by HEK (at thwee tof creation in 2008) we had to
reduce the number of events to 8 due to the limitemhber of available occurrences of
the remaining types of phenomena and poor quafiiynages available in some of the
data catalogs (more on this in the next sectiolt)mfages are sized 1024 x 1024 pixels.

Table 3.1. Characteristics of the solar benchmat&sgt

Class # Event Name # of images retrieved Wavelength
1 Active Region 200 1600
2 Coronal Jet 200 171
3 Emerging Flux 200 1600
4 Filament 200 171
5 Filament Activation 200 171
6 Filament Eruption 200 171
7 Flare 200 171
8 Oscillation 200 171

The full solar benchmark dataset contains 1,60@esalistributed in 200 images
per event class. The benchmark dataset both anigsal and pre-processed format is

available to the public via Montana State UniveisiServer [81].
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Filament Activation Filament Eruption Oscillation

Figure 3.1. Sample Solar Dataset images

Dataset Class Balancing

In the process of creating our dataset to analgzanpeters for image recognition
we stumbled upon several problems when trying tarfce the number of images per
class. First, we found that several phenomena d@eour as often as others, making it
harder to balance the number of images betweenithdil classes. The second issue is
that several phenomena can be sighted and reportdidferent wavelengths. For our
benchmark we selected the wavelengths that cowtaine largest number of hand
labeled results provided by HEK contributors. Therent selection of classes was solely
based on the number of images available, and thelergths in which the images where
available. We wanted to be sure that our benchrdat&set has equally frequent classes
in order to be sure that our results are not skeiwedrds the most frequent phenomena.

For the events that occurred only a few times,daming a prolonged period of time, we
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have selected a few different images within thaietrange to complete our goal of 200

images per event class.

Dataset Labeling

All reported events in the HEK repository have belafor the location of the
phenomena in the HEK VOEvent XML [79] data, allogithe researcher to theoretically
locate the exact position where the phenomena ptake in the sun and the image.
However, we encountered that this labeling is vieagpnsistent over the course of the
phenomena duration. Due to this in our initial w82, 83, 750] our classification
accuracy was lower (73% as the maximum). We areeotly working with human
experts in labeling each image one by one to peovitbre accurate labels. As this
process is not completed, we will utilize one labet image rather than labeling only the

windows where the phenomena occurs for the expeatsny@esented in this dissertation.

INDECS Dataset [78]

INDECS is an acronym which stands for INDoor Enmireent under Changing
conditionS [78]; this database consists of seveetd of pictures taken in five rooms of
different functionality under various illuminatioand weather conditions at different
periods of time. Each room was observed from maawpoints and angles. Moreover,
the normal activity in the rooms was recorded: pe@ppear in the rooms, pieces of

furniture are moved over time. The dataset canbbairmed freely on the web at [84].
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Table 3.2. Characteristics of the INDECS dataseegeed from the INDECS database

Class # Class Label Number of images Resolution
1 Corridor — Cloudy 200 1024x1024
2 Corridor — Night 200 1024x1024
3 Kitchen — Cloudy 200 1024x1024
4 Kitchen — Night 200 1024x1024
5 Kitchen — Sunny 200 1024x1024
6 Two-persons Office - Cloudy 200 1024x1024
7 Two-persons Office - Night 200 1024x1024
8 Two-persons Office - Sunny 200 1024x1024

After selecting a subset of this dataset (see tal@g we resize all the images to
1024x1024 pixels, and balance the classes in athatywe can provide a comparison
with the solar and other datasets. This databaserts very different images than the
ones found in the solar dataset and allow us tarlgl@emonstrate that CBIR research is
very domain specific and is greatly dependent & ithage parameters that the user

selects in the early stages.

Corridor - Cloudy

Kitchen - Night

Kitchen - Sunny Two-person Office - Cloudy Two-person Office - Night Two-person Office - Sunny

Figure 3.2. Sample INDECS Dataset images
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ImageCLEFMed Datasets [76]

ImageCLEF is the cross-language image retrievektvehich is run as part of the
Cross Language Evaluation Forum (CLEF) [85]. Imddgek has participation from both
academic and commercial research groups worldwrden fcommunities including:
Cross-Language Information Retrieval (CLIR), ComtBased Image Retrieval (CBIR)
and user interaction. In their medical retrievadkiawe find several datasets available:
2005, 2006, 2007, and 2010 (that features an augahermrsion of the 2008 and 2009
datasets). Currently, we are using the 2005 and 2@fasets. The 2005 dataset consists
of 10,000 radio graphs that can be fitted in a B2 pixels bounding box. From these
10,000 images, we have that 9,000 of them are @atregl in 57 different categories; the
remaining 1000 images are to be used for testingesihey are uncategorized. For the
2006 and 2007 datasets the number of categoriesletbtio 116 and the number of
images increased by one thousand each year.

This dataset compiles anonymous radiographs, whiahe been arbitrarily
selected from routine at the Department of DiagndRadiology, Aachen University of
Technology (RWTH), Aachen, Germany. The imageshis tlataset present different
ages, genders, view positions and pathologies. Miaikes some of them very different
from each other, but in some cases very similasdme of our Solar dataset. We
randomly selected 8 different classes from the 2808 2007 datasets creating two
balanced datasets with 1,600 images each. In t&&and 3.4 we describe the class
distribution of our 2005 and 2007 dataset in defile resolution is variable but at least

one side is 512 pixels.
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Figure 3.3. Sample images from the ImageCLEFMed 20@ 2007 datasets

Table 3.3. Characteristics of the ImageCLEFMedGas

Class # Class Label Number of Images| Resolution
1 Plain Radiography - Frontal Cranium 200 * Vareabl
2 Plain Radiography — Trachea 200 * Variable
3 Plain Radiography — Spine 200 * Variable
4 Plain Radiography — Hand 200 * Variable
5 Plain Radiography — Chest 200 * Variable
6 Plain Radiography — Pelvis 200 * Variable
7 Plain Radiography — Feet 200 * Variable
8 Plain Radiography — Cranium 200 * Variable

Table 3.4. Characteristics of the ImageCLEFMedQasi
Class # Class Label Number of Images| Resolution
1 Plain Radiography - Chest 200 * Variable
2 Plain Radiography - Hand 200 * Variable
3 Plain Radiography - Cranium 200 * Variable
4 Plain Radiography - Side Chest 200 * Variable
5 Plain Radiography - Trachea 200 * Variable
6 Plain Radiography - Breast 200 * Variable
7 Plain Radiography - Lungs 200 * Variable
8 Plain Radiography - Leg Bones 200 * Variable
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PASCAL VOC Datasets [77]

The PASCAL Visual Object Classes (VOC) challenga mopular benchmark in
visual object category recognition and detectiorgviging the vision and machine
learning communities with a standard dataset ofg#sa annotation, and standard
evaluation procedures. This dataset has been gapupularity in the community since
its conception in 2005. The main challenges of RKSCAL challenge are classification
and detection of several different classes of dbjedthin their images, we selected this
dataset for their classification challenge and hlsevve how our domain-specific image
parameters behave.

The PASCAL 2006 dataset consists of 10 classes) fndich we selected 8
classes at random for our comparative analysis.ti®@rPASCAL 2008 dataset of 20
classes, we again selected 8 different classesbdth datasets we selected 200 random

images from each class.

Motoreycle Sheep Bus Dog

Figure 3.4. Sample images from the PASCAL 20062018 datasets
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The images presented in this dataset provide w teugh challenge for any

researchers analyzing them due to the fact thgtdhe very dissimilar and they provide
multiple labels per image in some instances. Rebe&s have shown good classification
results when analyzing certain classes individufll§2, 173, 174], but once they start
considering more than 4 classes at the same tiittg [II76, 177] classification accuracy
tends to drop to less than 70%, showing the diffiesi of selecting image parameters that
work well for all types of images in this datadeescriptions of the two subsets of these
datasets we created are presented in tables 3.5.6nd

Table 3.5. Characteristics of the PASCAL2006 ddtase

Class # Class Label Number of Images| Resolution
1 Car 200 * Variable
2 Bicycle 200 * Variable
3 Cat 200 * Variable
4 Cow 200 * Variable
5 Dog 200 * Variable
6 Horse 200 * Variable
7 Person 200 * Variable
8 Sheep 200 * Variable

Table 3.6. Characteristics of the PASCAL2008 datase

Class # Class Label Number of Images| Resolution
1 Car 200 * Variable
2 Bicycle 200 * Variable
3 Bottle 200 * Variable
4 Boat 200 * Variable
5 Dog 200 * Variable
6 Tv Monitor 200 * Variable
7 Person 200 * Variable
8 Cat 200 * Variable
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CHAPTER 4

FEATURES FOR IMAGE RETRIEVAL

Introduction

Based on our literature review, we decided thatweeld use some of the most
popular image parameters used in different fieldehsas medical images, text
recognition, natural scene images and traffic irsgdge 86, 87, 88, 89, 90, 91, 92, 93, 94,
95, 96, 97], as a common denominator the usefulokesll these image parameters have
shown to be very domain dependent. Based on the thet our framework was
developed in parallel with the SDO CBIR system, perform experiments and
guantitative analysis with the 10 most useful patrs we determined for our domain-
specific dataset. However, the framework capaéditallow researchers to quickly
implement and test parameters that are most apgear them. The framework allows
the usage of software packages that generate ipageneters like WND-CHARM [98]
as a starting point for CBIR development and presiéxtensive facilities to test them
and very their applicability to the target domainttte users CBIR system. The default
parameters of the framework are mainly texturecetasd shown to be very useful for
grayscale images that do not conain very sharpsedgevell defined objects. In this
chapter we will describe them in detail in sectib®; we also present some general
purpose image parameters that have wide popularithhe community and are very
useful in other domains in the Color Based Imageddptors section (4.3) and the

Shape/Region Based Image Descriptors on sectidn).(&ince new image parameters
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are being published almost every day by image amlexperts, testing and
implementing every single one of them would be arlyeimpossible task, but the

framework easily allows the user to test and im@ettheir own.

Textural Image Parameters

Based on our literature review [6, 86, 87, 88, ¥, 91] and previous work [82,
83, 750], we decided to include in our frameworkl ase for our solar CBIR system the
following texture based image parameters:

Mean[99]: This image parameter is the traditionalistetal mean or average of

the pixel values of the input image or image segmen

1 L-1
m=— "z 4.1)

WhereL is the number of pixels in our image/segment, zmlthei-th pixel value.
Standard Deviatiorj99]: This image parameter shows how much vanatieere

is from the mean of the pixel values. A low stakdeeviation indicates that the data

points tend to be very close to the mean, whereags dtandard deviation indicates that

the data are spread out over a large range of value

1 1

s =7 “(z-mf (4.2)

WhereL is the number of pixels in our image/segmerns thei-th pixel value, andnis

the mean.
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Third Moment (skewnesf)9]: This image parameter measures the lopsidedne
of the histogram distribution of input image or mea segment. Any symmetric

distribution will have a value of zero.

m = ILzol(Z. - m)’p(z) 4.3)
WhereL is the number of pixels in our image/segmeng thei-th pixel valuemis the
mean, angb(z) is the grayscale histogram representationati.

Fourth Moment (Kurtosis)99]: This image parameter measures of whether the
histogram distribution of the input image or imaggment is tall and skinny or short and
squat when compared to the normal distribution led same variance. This image

parameter is always positive.

_ L-1 4
m= i, (Zi - m) p(z) (4.4)
WhereL is the number of pixels in our image/segmens thei-th pixel valuemis the
mean, angb(z) is the grayscale histogram representationati.

Relative Smoothness (RSP]: This image parameter is a measure of graglle

contrast of the pixel values of the input imagenoaige segment.

1
R=1- ————
1+ s %(2) (4.5)

Where ?is the square of the standard deviatiom. of
While Relative Smoothness and Standard Deviatienfamctionally dependent,
please note the dependence is quadratic. This resillt in the values of Standard

Deviation to be more spread out than the ones &&tRe Smoothness in certain ranges.
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Following [178, 179, 180], we decided to keep b@dwameters, hoping that this
spreading of the data will separate some of owgsela more effectively.
Entropy [99]: This image parameter is a statistical measidreandomness that

characterizes the histogram the input image, ogexsegment.

E=- _p(z)log, p(z) @)

WhereL is the number of pixels in our image/segmerns thei-th pixel valuemis the
mean, angb(z) is the grayscale histogram representationati.

Uniformity [99]: This image parameter is a measure of thdotmity of the
histogram of the input image or image segment.

L-1

U= . p(3) @.7)
WhereL is the number of pixels in our image/segmens thei-th pixel valuemis the
mean, angb(z) is the grayscale histogram representationati.

Fractal Dimension100]: This image parameter measures how rouglrface is
by providing a statistical quantity that gives amlication how fine grained a fractal
structure is and how it completely fills a spadethke fractal dimension has a value of
one, it means the texture is entirely distortedisTimage parameter is scale and linear
transformation invariant. The fractal dimensioncelculated using the box counting

method in our framework.

D, = fim 29N®)

i 1 (4.8)
log T

1® 0
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WhereN( ) is the number of boxes of side lengtrequired to cover the

The Tamura Texturesntroduced in [101], the authors propose six texti@atures
corresponding to human visual perception: coarsgnesntrast, directionality, line-
likeness, regularity, and roughness. From experimesed to test the significance of
these features with respect to human perceptiomast concluded [6] that the first three
features are more useful than the rest.

Tamura Coarsenes3his image parameter gives information about the ef the
texture elements. The higher the coarseness \@|tigei rougher the texture is.

Tamura ContrastThis image parameter stands for picture qualitys parameter
is influenced by the following four factors: 1) d&amic range of gray-levels, 2) how
polarized the distribution of black and white levé$ on the gray-level histogram, 3)
sharpness of edges, and 4) period of repeatingrpatt

Tamura Directionality: This image parameter does not rely on the oriemtat
itself, rather on the presence of orientation im tiéxture. For example, two textures that
differ only in the orientation are considered tod#he same directionality.

While this list is not 100% exhaustive, like we rened before, trying
everything is out of the question. Using a tooeIl/ND-CHARM [98] can give the user
access to many other image parameters and thelyecaasily incorporated to be used in
conjunction with the analysis facilities of ourrmawork.

A final list of the image parameters utilized farrcexperimental evaluations in

through the chapters of this dissertation will bevipded in the section 4.5.
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Color Based Image Parameters

For datasets that feature color images we inclodeesdiscussion about the most
popular image parameters currently used by reseesah the field of image retrieval and
that have shown to produce good results in cur@BiR systems. Color is one of the
most widely used visual features in image and videdeval since color features are
relatively robust to the viewing angle, translatimd rotation of the regions of interest.
We again mention that we cannot cover all of thbati,we have selected a solid mix to
highlight the state of the art for these typeswdge parameters.

Color Histograms[38]: These histograms are one of the most basiage
features that have great popularity in the comnyydi®2, 103, 104].

In order to generate the histograms, the colorespapartitioned and for each of
the partitions the pixels with a certain color rangre counted. The result is a
representation of frequencies of the occurring rsolo

Most researchers use the RGB color space to cteate histograms, after
researchers have shown [27] that other color spattersvery minor improvements.

Color Layout Descriptor (CLD)105]: This image parameter captures the spatial
distribution of color in an image or segment of iamage. The spatial layout of the
representative colors on a grid superimposed oregagom or image is based on
coefficients of the Discrete Cosine Transform (DCTIhis descriptor is calculated by
applying the DCT transformation on a 2-D arrayafdl representative colors in YCbCr

color space. CLD is utilized in the MPEG-7 standard
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Dominant Color Descriptor (DCD)106]: This image parameter provides a
compact description of the representative coloramnimage or image region. CDC
allows a specification of a small number of dominanlor values as well as their
statistical properties such as distribution andavere. The parameter’'s purpose is to
provide an effective, compact and intuitive repnéggon of colors present in a region or
image. DCD is also utilized in the MPEG-7 standard.

Scalable Color Descriptor (SCOJ107]: This image parameter represents a color
Histogram in the HSV Color Space encoded by a Hiaarsform. SCD is useful for
image-to-image matching and retrieval based onrci@ature. SCD is utilized in the
MPEG-7 standard.

Group of Frames (or Pictures) Descript¢t08]: This image parameter is an
extension of the Scalable Color Descriptor to aigrof frames in a video or a collection
of pictures. It is based on the premise of aggregadhe color properties of the individual
images or video frames. The Group of Frames Ddscrig utilized in the MPEG-7
standard.

Color Structure Descriptor (CSOL09]: This image parameter is also based on
color histograms, and aims at identifying localizemlor distributions using a small
structuring window. The Color Structure Descriptobound to the HMMD color space.

CSD is utilized in the MPEG-7 standard.
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Shape/Region Based Image Parameters

Detecting objects in images in order to performgmaetrieval has been a very
relevant topic in the last few years. While thetdeal and color based image parameters
are good for multi-purpose approaches that requarenatch images based on their
similarity, there are countless image parametedis filcus on extracting information of
the image based on the shapes and objects encedintgthin them. While these
parameters are specialized and very thorough,fgbsg a problem to researchers in terms
of how big they are in size and how computationakpensive they are. While we didn’t
have to use any of them in our solar image analyased on the fact that we have no
sharp edges and prominent objects in our figures,performed some experimental
analysis with one of them and obtained the vergalisaging results found on figure 4.1.
We again mention that we cannot cover all of thetute/shape based parameters
available in the literature, but we have selectsedla mix to highlight the state of the art

for these types of image parameters.
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(®)

Figure 4.1. 2 Highly similar images according te 8IFT descriptors. (a) belongs to the
Emerging Flux Class and (b) Filament class. Adaarty evident, both images are in fact
very different.

Scale-Invariant Feature Transform (or SIFT)10]: Originally proposed by
David Lowe in [110], this image parameter transferam image into a large collection of
feature vectors. Each of these vectors is invartanimage translation, scaling, and
rotation, partially invariant to illumination chaeg and robust to local geometric
distortion. Key locations in the SIFT features defined as maxima and minima of the
result of a difference of Gaussians function amplie a scale-space to a series of
smoothed and re-sampled images from the originagemor segment. The low contrast
candidate points and the edge response points aongdge are discarded. Next,
dominant orientations are then assigned to loadlizypoints. With these steps SIFT
features ensure that the keypoints are more sfablmatching and recognition. In our

experiments (figure 4.1) and on the framework'ssield implementation of the SIFT

features, we produce a 128 feature vector.
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Speeded Up Robust Features (SURRA)L]: Proposed in 2006, SURF is a robust
image detector & descriptor, the method is baseduwns of approximated 2D Haar
wavelet transforms and making efficient use of gnéé images (unlike the SIFT re-
sampling of images). SURF is very fast since itsuaa integer approximation to the
determinant of Hessian blob detector [112], whiah be computed extremely fast with
an integral image. For the features, SURF usesuhne of the Haar wavelet transform
around the point of interest. This again can be pded with the aid of the integral
image. One of the main advantages over SIFT istteaSURF method is not patented
making implementations easily available for the ommity, hence more popular and
easy to deploy.

Maximally Stable Extremal Regions (MSHR)3]: MSER generates features by
thresholding. All the pixels below a certain threshare labeled as black and all those
above or equal to the threshold are white. If we sltown a sequence of thresholded
imagesl; with framet corresponding to a threshdidwe would see first a white image,
then black spots that correspond to local intensitgima will appear and then grow
larger. These black spots will eventually mergel tiné whole image is black. The set of
all connected components in the sequence is thef séitextremal regions (our features).

Because these regions are defined exclusively bynemsity function in the
region and the outer border over a large rangehmsholds, the local binarization is
stable in some regions and has the following pioggerl) The extremal regions are
invariant to affine transformation of image intdres. 2) Only the region whose support

is nearly the same over a range of thresholds lecteel, making it very selective. 3)
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Multi-scale detection is performed with any smonothiinvolved. This allows the
detection of both fine and large structures. 4) $&eof all extremal regions can also be

enumerated in worst-cag€¥n), wheren is the number of pixels in the image.

Image Parameter Extraction

Grid-based Image Segmentation

A solar phenomenon tends to occur in a small regiotine solar images we are
analyzing (see figure 4.2). By this observation, c@e intuit that calculating our image
parameters for the whole imagine will render theseless. Based on previous CBIR
work done for the TRACE mission [9] and our own etystions [82], dividing the image
with an n by n grid before extracting the image parameters ha k& popular and

effective approach.

(b) Flare (c) Filament Activation

L

(a) Active Region

Figure 4.2. Regions of interest in this sample im&@m the (a) Active Region,. (b)
Flare, and (c) Filament Activation classes

Our previous work [82], has shown that the moseative grid size for our
current images in the Solar dataset is 128 by 128 This in turn returns a grid size of

8 by 8 segments or cells. After this image segntiemtds performed, we proceed to
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generate our feature vector for each image by extigathe image parameters for each of

the cells of each image. This procedure is illustitan figure 4.3.

Image 1 - Cell 1,1 Value
Entropy 0.1231

........ Mean 0.2552

....... Standard Deviation 0.1723
7 3t Moment (skewness) 0.1873
-E.m..-. 4™ Moment (kurtosis) 0.1825
7 ‘r‘-r y T - ' Uniformity 0.5671
-EBP‘-' Relative Smoothness (RS) 0.1245
. 1 ! | Fractal Dimension 0.1525
!K.i.’.. Tamura Directionality 0.2837
....n... Tamura Contrast 0.3645
A

Figure 4.3. Example of our 128 by 128 pixel gridlamage parameter extraction from
one of the resulting cells

Computational Costs

Here we present the running times of the extractbrthe proposed image
parameters. Figure 4.4 presents the time needextitact our image parameters on 1,600
images, taking into consideration that each image lteen segmented in 64 cells. We

have a total of 102,400 segments to extract imagenpeters from on our solar dataset.
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1 - Entropy

2 -Mean

3 - Standard Deviation
4 - Skewness

5 - Kurtosis

6 - Uniformity

7-RS

8 - Fractal Dimension

9 - Tamura Directionality
10 - Tamura Contrast

11 - Tamura Coarseness

12 - Gabor Vector

1 10 100 1,000 10,000 100,000
Time in Seconds (log scale)

Figure 4.4. Image Parameter Extraction Times 60Q ,Images

The reason behind dropping expensive image parasnistéhat we will have to
process data in near real time for the SDO missibm, rate of eight 4096x4096 images
every 10 seconds, so we will have a smaller wintteam this amount of time to be able
to extract all the image parameters that are thet oseful and cheapest to calculate.

After analyzing figure 4.2, the Tamura feature seaess and the Gabor vector
were discarded because of their costly computdtierpense. While the usefulness of
these parameters has not been tested, the ext@meautational cost of these 2 image
parameters makes them immediate candidates tosbarded. From this chapter on, we
will use only 10 different image parameters for dwiure evaluation results. Table 4.1

indicates the list of these 10 parameters and khiegl.
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Table 4.1. List of Extracted Image Parameters

Label Image parameter
P1 Entropy
P2 Mean
P3 Standard Deviation
P4 3 Moment (skewness)
P5 4™ Moment (kurtosis)
P6 Uniformity
P7 Relative Smoothness (RS)
P8 Fractal Dimension
P9 Tamura Directionality
P10 Tamura Contrast

All experiments in this dissertation were performetng Matlab R2009b and
WEKA 3.6.4. These programs were run on a PC withDAAthlon 1l X4 2.60 Ghz Quad

Core processor with 8 GB’s of RAM and Windows XRIG#@Edition
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CHAPTER 5

CLASSIFICATION ALGORITHMS FOR EVALUATION

Introduction

In order to provide quantitative evaluation result each of the steps of our
framework. The framework generates ARFF files #ra compatible with WEKA [11]
that will enable the user to test their experimeoristhe wide variety of classification
algorithms offered in WEKA such as Naive Bayes (NB)4], ID3 [115], C4.5 [116],
Support Vector Machines [117], Random Forests [1J8t. as well as boosting
algorithms available via WEKA for said classifiel$e utilization of a popular tool such
a WEKA allows the users of the framework to testhewer classifiers and use some the
visualization tools offered by the software packager our solar dataset and our
comparative evaluation experiments in this worksskected three different classifiers to
present our evaluation results on: Naive Bayes (NBY], C4.5 [116] and Support
Vector Machines [117] (SVM). We selected two linekassifiers (NB and SVM'’s with a
linear kernel) because they achieve the groupingeofis by allocating similar feature
values into groups making a classification decisb@sed on the value of the linear
combination of the features (NB and SVM'’s use &d#nt criterion to do this as outlined
in sections 5.2 and 5.3 respectively). C4.5 is aisiten tree classifier and uses an
entropy-based information gain measure to split as into classes, making it

considerably different from the previous two cléisation algorithms. The framework
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also provides scripting facilities to run experirteeand retrieve results for these three

classifiers and can easily be modified to adogedsht ones.

Naive Bayes Classifier

First introduced in [114], the Naive Bayes (NB)sslifier is based on Bayes'
theorem and it assumes that the presence (or a)seha particular feature of certain
class is unrelated to the presence (or absenaghef features. In technical terms, based
on Bayes theorem the classifier works in the folfgyway:

Let X be a record whose class label is unknown.H.d¢te a hypothesis, such as
"record X belongs to a clas8." For classification of this record, we want taeatenine
P(H|X) -- the probability the hypothesdits holds, given the observed recotd

P(HIX) is the posterior probability oH conditioned onX, P(H) is the prior
probability ofH andP(X) is the prior probability oK. The posterior probability?(H|X),
is based on more information (i.e. background keolgke) than the prior probability,
P(H), which is independent of. Bayes theorem is useful since it provides a why
calculating the posterior probabilityp(H[X), from P(H), P(X), and P(X|H). In the
following way: P(H|X) = P(X|H)P(H)/P(X)

Even with such an independence assumption, theeNBayes classifier has
shown to be surprisingly accurate in most case8][afd executes very fast, making it a

highly useful classification algorithm for trainiregn the massive repositories.
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C4.5 Classifier

The C4.5 Classifier was first introduced in [116his decision tree based
classifier is an extension of the ID3 algorithmisTalgorithm builds decision trees from
a set of training data in a similar way than ID2&sloby using the concept of information
entropy. The training data is a S€E X3, Xo,..., X Of previously classified samples. Each
samplex; =y, Y»,..., Vi iS a vector whergy, y»,...,Yi represent features of the sample. The
training data is augmented with a vecrE ¢y, ;. ... wherecy, C;,..., G represent the
class to which each sample belongs. At each nodeeadfree, the algorithm chooses one
attribute of the data that most effectively splits set of samples into smaller subsets
enriched in one of the classes. The splitting kdte is based on the normalized
information gain. The attribute with the highestmalized information gain is chosen to
make the decision. The C4.5 algorithm then recuarthe smaller subsets, the algorithm
has several main cases:

- If all the samples in the dataset belong to theesatass. The algorithm simply
creates a leaf node for the decision tree sayimmtpoose said class.

- None of the features provide any information gdfirthis happens, the algorithm
creates a decision node higher up in the tree ubmgxpected value of said class.

- If a previously-unseen class is encountered. Tgerihm creates a decision node
higher up the tree using the expected value.

C4.5 is one of the most popular algorithms in tlenmunity [120], some of its

advantages are that it takes a greedy approacis ahgb quick to compute.
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Support Vector Machines Classifier

Originally developed by Vapnik in [117], the algbmn takes a set of input data
points and predicts, for each given input, whichtwbd possible classes the input is a
member of. This makes the SVM a non-probabilistitaty linear classifier. Based on
this, the training algorithm builds a model thaggticts whether a new sample data point
is member of one category or another. In other wiaitte SVM model is a representation
of the sample points as points in a space thamaeped so that the examples of the
different categories are separated by a clear lygipig as wide as possible. New sample
points are then mapped into that same space adetime to belong to a category based
on which side of the gap they fall on. SVM constsug hyperplane or set of hyperplanes
in a high or infinite dimensional space, that asedifor classification. A good separation
is achieved by the hyperplane that has the grediststnce to the nearest training data
points of any class.

Most of the time the original problem is statedairfinite dimensional space,
however, it often happens that in said spacesdtsecs points to be discriminated are not
linearly separable. For this reason the originaitdi dimensional space is mapped into a
much higher dimensional space, with the hopes tkenthe separation easier in that
space. SVM schemes use the mapping into a largegrdiional space allowing the cross
products to be computed easily in terms of thealdes in the original space, this makes
the computational expense reasonable. The crodsigoin the larger dimensional space
are defined in terms of a kernel functidt(x;,y) particularly selected for different

problems (in our solar case we use linear kernaitfans). The hyperplanes in the large
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space are defined as the set of points whose prosisict with a vector in that space is

constant. The vectors defining the hyperplanexhosen to be linear combinations with

parameters ; of feature vectors that occur in the dataset. Wihils choice of a

hyperplane, the pointg in the feature space that are mapped to the higrerpare

defined by the relation: a,K(x;,y) = constant

Note that ifK(X;,y) becomes small asgrows further fronk, each element in the

summation measures how close the test poisto the corresponding data base pgint

In this way the sum of kernels can be used to meatie nearness of each test point to

the data points originating in one or the othethefsets to be classified.

s
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Figure 5.1. Examples of 3 SVM Hyperplanes in twoelsions. H3 doesn't separate the 2 classes

(black and white dots).

H1 does but with a smalftgima H2 achieves separation with the
maximum margin. Figure from [121].
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Classification Measures Utilized for Evaluation

In order to measure the performance of our clasgitn algorithms we will use
the following standard measures: Precision, ReEaMeasure, Accuracy and Receiver
Operating Characteristic (ROC) curves. These measare defined as follows:

true positives

— — (5.2)
true positivest false positives

Precision=

true positives
true positivest falsenegatives

Recall = (5.2)

. ..
F - Measure 2 Pre.c?smrr Recall (5.3)
Precisior+ Recal

true positivest true negatives

— — : : (5.4)
true positivest false positivest falsenegativest true negatives

Accuracy=

The proposed measures derive froncaafusion matrix. This matrix on each
column represents the instances in a classifiesschahile on each row represents the

instances in the actual class as show in figure 5.2

Classifier Prediction
Positive MNegative
Puositive True. _ FE”SE_
Actual Positive MNegative
Value
Negative | 212 True
Fositive Megative

Figure 5.2. Example of a confusion matrix or trighle
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Besides the previous measures, we also presentReweiver Operating
Characteristic (ROC) curves for the best performing classifiers in ordeobserve how
precise our accuracy is for certain classes withendatasets and to compare individual
datasets on a per-class basis. The ROC curvespresented by plotting true positive

rate vs. the false positive rate.
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Figure 5.3. Optimal example of a ROC Curve evatimatilhe closer the curve is to the
Ideal Test, the better the classification

While all of these values might not be presenta@atly in our experimental
evaluations, they can be found on the web at [1Z8lues for all of these measures are
outputted from the WEKA files that the frameworkigeniently generates for the user to
perform their quantitative experimentation and easily replicable by other researchers

using the files provided at [122].
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Table 5.1. Classifiers and their function callscu® this dissertation

Label Classifier Name WEKA Code and Parameters Used
NB Nailve Bayes weka.classifiers.bayes.NaiveBayes
weka.classifiers.functions.SMO -C
C45 Decision Tree C4.5 1.0-L 0.0010 -P 1.0E-12-N 0O -V - 1
-W1
SVM Support Vector Machines weka.classmers.tree_sNle;S -C 0.25

Initial Classification Evaluation Results

After the initial extraction of our proposed imagarameters from table 4.1 (on
chapter 4), in figure 5.4 we present the clasdificaaccuracy results for all 3 classifiers
on the 6 datasets we analyzed. These results esenied to asses how accurate the
image parameters/classifiers are before perfornang of the attribute evaluation,
dissimilarity evaluation and dimensionality redocti experiments presented in their

respective chapters on this dissertation.
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INDECS —%— PASCAL2006 —e— PASCAL2008

Figure 5.4. Initial classification accuracy for @ix datasets, experiments using 10-fold
cross-validation
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These classification results are in no way optiaral do not represent the final

classification accuracy on our dataset after isgatalyzed through the steps in this
framework. However, we can start to observe the alondependency of the image
parameters in figure 5.4 since we have two maigtehs in the classification accuracy
results. The first cluster includes the solar dredrhedical datasets and the second cluster
presents the PASCAL and INDECS datasets perforneng poorly. More insights about
why this happens will be presented in the remaimingpters of this dissertation. In the
following figures and tables we present the precisrecall and F-Measure values for the
8 classes of the solar dataset. We also show tl& ®@ves for all 8 our solar dataset for

all 3 different classifiers to familiarize the readvith them.

Table 5.2. Precision values for the classes ofthar dataset (closer to 1 is better)

Class \ Classifier NB C45| SVM

Active Region 0.9650 0.9744| 0.9898

Coronal Jet 0.63640.8743| 0.9000

Emerging flux 0.9643 0.9848| 0.9704

Filament 0.7196 0.8295| 0.9397

Filament Activation| 0.7486| 0.9059| 0.9694

Filament Eruption| 0.55560.8177| 0.8850

Flare 0.6788 0.7129| 0.7474
Oscillation 0.7307 0.8333| 0.7913
Average 0.7498 0.8666| 0.8991

Table 5.3. Recall values for the classes of tharstdtaset (closer to 1 is better)

Class \ Classifier NB C45| SVM
Active Region 0.9650 0.9500( 0.9700
Coronal Jet 0.70000.8350| 0.9450
Emerging flux 0.9450 0.9750| 0.9850
Filament 0.7700 0.9000| 0.9350
Filament Activation| 0.6550| 0.9150| 0.9500
Filament Eruption| 0.67500.8300| 0.8850
Flare 0.465Q 0.7200( 0.7100
Oscillation 0.785Q 0.8000| 0.8150
Average 0.7450 0.8656| 0.8994
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Table 5.4. F-Measure values for the classes ofaker dataset (closer to 1 is better)

Class \ Classifier NB C45| SVM

Active Region 0.9650 0.9620| 0.9798

Coronal Jet 0.666)70.8542| 0.9220

Emerging flux 0.9545 0.9799| 0.9777

Filament 0.7440 0.8633| 0.9373

Filament Activation| 0.6987| 0.9104| 0.9596

Filament Eruption| 0.60950.8238| 0.8850

True Positive Rate

Flare 0.5519 0.7164| 0.7282
Oscillation 0.7564 0.8163| 0.8030
Average 0.7434 0.8658| 0.8991
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Figure 5.5. Initial ROC Curves for the 8 classethefsolar dataset, experiments using
10-fold cross-validation
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CHAPTER 6

ATTRIBUTE EVALUATION

Introduction

Choosing one redundant image parameter in a CiRm®s would add unneeded
computational overhead when processing images,cessary data storage, and retrieval
costs in our repository. One of the main goalshaf thapter is to determine which image
parameters we can safely remove while maintainingh hguality parameter-based
representation for our CBIR systems, in our caseSthO CBIR system.

We decide to start our work on by performing unsuviged attribute evaluation of
the extracted image parameters. Our decision belsnty a correlation comparison is
based on the premise that we can achieve dimeniyoreduction by finding strongly
correlated (i.e redundant) image parameters. Theotistatistical analysis seems to be
more accepted within the astrophysics community rande popular than heuristics and
supervised dimensionality reduction techniquese(ofised by experts coming from Al-
related fields). The correlation based approach aB® a starting point for the
development of CBIR systems in other domains [@].cbincide with this unsupervised
approach, we also selected several supervisedwtirevaluation methods: Chi Squared,
Gain Ratio, and Info Gain. We experimented witls thupervised methods in order to
verify our findings from the unsupervised attribuémalysis we performed. The
framework outlined in this dissertation incorpogtboth methods (supervised and

unsupervised) of attribute evaluation to allow tiser test what works best with their
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domain-specific CBIR and aid in the reduction afrage, retrieval and processing costs

of his system.

Unsupervised Attribute Evaluation

Correlation Analysis

Automatic methods for image parameter selectioreHasen proposed in [123,
124]. However, these automatic methods do not ljregplain why features are chosen.
The method proposed in [6] analyses correlationwdmn the values of the parameters
themselves, and instead of automatically selecisgt of features, provides the user with
information to help them select an appropriateo$é&tatures.

To analyze the correlation between different impgeameters, we evaluate the
correlation between the Euclidean distand@gX) obtained for each image parameter of
each of the imageX from the our benchmark given a query imagd-or each pair of
guery image q and database image X we create arddig,X), &(q,X), . . . &(q,X), . . .
dm(g,X)) wheredr(g,X) is the distance of the query imag& the benchmark imagéfor
the nth image parameter, and is the total number of image parameters. Then we
calculate the correlation between thgover all querieg) ={qs, . . ., @ . . . q} and all
imagesX = {Xg, ... %, . . . A}

The MxM covariance matrix, denoted ag of the dy, is calculated over alN
database images and klfjuery images as:

1 N L

(di(ch’xn)'m)xdj(ch’xn)'mj) (6-1)
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with M, = —— d,(q,, X,) (6.2)

By segmenting each of our images into 64 grid odtls our solar dataset), the

number of queries we have is equal to the numbagridf cells. Given the covariance

matrix ;, we calculate the correlation matRasR; = —-—— (6.3)

i i

The entries of this correlation matrix can be ipteted as similarities of different
features. A high valuB; means a high similarity between featuresd]. This similarity
matrix can then be analyzed to find out which of parameters have highly correlated

values and which do not. Figure 6.1 shows how theto-one grid cell comparison is

done.

Criery unage Immage [romn data set

Figure 6.1. Shows the one-to-one comparison betvi@egry image ) cells against
Images from the data set cell,). 1,1 will only be compared to 1,1 and so on
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Supervised Attribute Evaluation

Chi Squared Method

This method evaluates the worth of an attributedoyputing the value of the chi-

squared distribution with respect to the class.[14]

Gain Ratio Method

This method valuates the worth of an attribute Basuring the gain ratio with
respect to the class [115]. This method biasesdé@sion tree against considering
attributes with a large number of distinct valu8slving the weakness presented by the

information gain method.

Info Gain Method

This method evaluates the worth of an attributeneasuring the information gain
with respect to the class [14]. A notable problesours when information gain is applied

to attributes that can take on a large numbersifrdit values.

Evaluation Results for the Solar Dataset

Unsupervised Attribute Evaluation

In one scenario we randomly selected a query infrage each class and analyzed
the correlation between this image and the regshefsame class in order to observe
which image parameters are strongly correlatedvemdh ones are not within the same
class. In the second scenario, we analyzed thelabon between the query images and

the rest of the images of the same wavelength fatbrather classes in order to observe
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which image parameters feature similar correlatmhe rest of the classes than to the
same class.
Since Active Regions are some of the most distsitable classes to discover in
our benchmark data set and they are also one obdbe indicators of solar activity
occurrence, we decided to start our investigatipratalyzing the correlations between

gueries of this class.

Entropy

Mean

Standard Deviation
3rd Moment

4th Moment

HS Uniformity

HS RS

Fractal Dimension

Tamura Directionality

Tamura Contrast

Figure 6.2. Average correlation map for the AcfRegion class in the one image as a
guery against the same class scenario (intra-ctasslation)

In figure 6.2 we observe the correlation map geedray using one query image
of the Active Region class against all the reghefimages within the same class. We can
clearly see some image parameters that are weaklglated against pretty much every
other parameter, them being” moment(P4) andTamura Directionality(P9). In the

strongly correlated section we haweitropy(P1),3 moment(P4) andd™ moment(P5)
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with uniformity (P6) andRS (P7), uniformity (P6) with RS (P7) andTamura Contrast

(P10) withstandard deviatiorfP3) andnean(P2).

1 2 3 4 5 5 7 8 10

Entropy

0.95
Mean

09
Standard Deviation

3rd Moment clct

4th Moment 0.8

HS Uniformity B 075

HS RS do7

Fractal Dimension
~40.65

Tamura Directionality
106

Tamura Contrast

£ 4055
Figure 6.3. Average correlation map of the ActivegR®n class in the one image as a
guery against other classes scenario (inter-classlation)

In figure 6.3 we can observe the correlation mapeggted by selecting one query
image of the Active Region class and calculating) ¢brrelations against all the images
for the remaining classes. The weakly correlatedmaters are3® moment(P4) with
everything exceptTamura Directionality (P9), Tamura Directionality (P9) with
everything excep13rOl moment(P4). These findings are mostly consistent witk th
correlation analysis of the same class. As forhilghly correlated image parameters we
have: entropy (P1) and4™ moment (P5), uniformity (P6) andRS (P7) andTamura
Contrast (P10) andstandard deviationP3) amongst others. Again these findings are

very consistent with the correlation analysis witthie same class.
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Since the correlation differences are not thablasirom the correlation maps, we
decided to use Multi Dimensional Scaling (MDS) [12%® better visualize our
correlations. Close parameters in the MDS 2D piodécate strong correlation and the
more distant they are the weaker their correlatir.all the MDS 2D plots we replaced
the image parameter name with its correspondingbeuraccording to table 4.1 (this

organization is seen in the x-axis of figures 6d &.3).

9 30

by &1

Figure 6.4. Multi Dimensional Scaling 2D plot ofroelation map in Fig. 6.2
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10

o8

Figure 6.5. Multi Dimensional Scaling 2D plot ofroelation map in Fig. 6.3

As we can see from the multi dimensional scalingsna figures 6.4 and 6.5 we
can identify almost identical clusters of highlyr@dated image parameters and the less
correlated parameters can be found on the edgée ofiap.

Based on the correlation maps and the MDS 2D platswere able to perform a
wide variety of experiments using classifiers inlerto determine if we could attempt
any dimensionality reduction to save our storagacepand computing costs. These

experiments are presented in section 6.4.3.

Supervised Attribute Evaluation

For the supervised attribute evaluation we presestlts from three different
methods: Chi squared, Gain Ratio and Info Gainbl@ .1 shows the attribute ranking

results for these methods.
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Table 6.1 Supervised Attribute Ranking Results

Chi Squared Info Gain Gain Ratio
Ranking Label | Ranking Label | Ranking Label
2039.06 P7 0.8440 P7 0.3597 P9
2036.05 P6 0.8425 P6 0.3152 P4
2016.69 P1 0.8292 P1 0.3140 P5
1887.89 P4 0.7848 P4 0.3116 P6
1883.68 P9 0.7607 P5 0.3102 P7
1839.05 P5 0.7552 P9 0.3025 P1
1740.33 P2 0.6882 P2 0.2781 P8
1578.76 P10 0.6627 P10 0.2647 P10
1370.68 P3 0.5702 P3 0.2493 P2
1134.43 P8 0.5344 P8 0.2399 P3

Based on the ranking results we have that on agdhegtop four image parameters are
P6, P7, P1 and P4 (as listed on Table 4.1). Theddobur parameters are P8, P3, P2 and
P10 (as listed on Table 4.1). After looking at thessults and comparing them to our
unsupervised method, we see similar grouping ofgemparameters. Based on these
experiments, we can now make educated assumpt®ns which parameters whose
removal we should experiment with in order to keep image parameter extraction
computational costs to a minimum, while maintainiagels of phenomena recognition
comparable to the ones obtained by using all optirameters.

Classification Results for Both Supervised and
Unsupervised Attribute Evaluations

Utilizing the unsupervised and supervised attrilaitaluation method results, we
set up two different scenarios involving the remafecorrelated and uncorrelated image
parameters. Based on the ranking results presdntddble 6.1, we created seven

different experiments that are explained in Tablke Bhese experiments involve running
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the selected classifiers and comparing the pergeataf accurately classified instances
while reducing the number of image parameters.

Table 6.2. Description of Attribute Evaluation Expeents
Label - Experiment Description
Exp 1 - All Parameters used
Exp 2 - Parameters P2, P9, P10 removed
Exp 3 - Parameters P3, P6, P10 removed
Exp 4 - Parameters P2, P3, P8 removed
Exp 5 - Parameters P1, P6, P7 removed
Exp 6 - Parameters P2, P3, P10 removed
Exp 7 - Parameters P1, P4, P7 removed

Experiments 2 and 3 are based on removing imagenpders that are
uncorrelated and correlated respectively, accordiogthe unsupervised attribute
evaluation we performed (figures 6.2-6.5). Expentsel and 6 are removing the bottom
3 attributes based on their ranking weights in Hupervised attribute evaluation
experiments. Experiments 5 and 7 remove the topirbutes bases on their ranking

weights on the supervised attribute evaluation erpnts.

Table 6.3. Classification Accuracy Results Obtaiftecbur experiments

Label NB C45 SVM Average
Exp 1 74.50% | 86.56% | 89.94% | 83.67%
Exp 2 74.56% 84.69%  90.19% 83.15%
Exp 3 76.81% | 85.75% | 89.94%| 84.17%
Exp 4 74.44% 85.13%  89.69% 83.08%
Exp 5 71.75% 83.50% 89.25% 81.50%
Exp 6 75.19% 85.25%  89.75% 83.40%
Exp 7 72.88% 85.56% 92.56% | 83.67%

From Table 6.3 we can see that Exp 3, provides ik the best average
classification results, also Exp 6 and Exp 7 giwe good classification results and

considering we removed 3 image parameters (or 30%)s a very interesting result and
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useful result. The main conclusion we can derieenfthis comparison is that the more
we know about the image parameters and how theyetated to each other, the better
decision we can make in removing them without sufte a considerable loss in
accuracy, in this case no loss in accuracy. Wesesnthat the poor selection of some
parameters that are more important in helping thsstiers identify trends in our data
can decrease our classification accuracy like ip Ex

These experimental results clearly show the valnd meed of performing
attribute evaluation in order to determine relewaotthe images parameters selected for
a CBIR system. By reducing even one parameter tibrage, processing and retrieval
costs can be considerably reduced, this will enableCBIR system to better serve its
purpose and be a useful tool for researchers.edméxt few tables we present the average

precision, recall and f-measure values for the ewxpnts on table 6.2.

Table 6.4. Average Precision Values for our AtttébEvaluation Experiments
Label | NB C45 SVM
Exp 1| 0.7498| 0.8666| 0.8991
Exp 2| 0.7465| 0.8469| 0.9010
Exp 3| 0.7738| 0.8590| 0.8983
Exp 4| 0.7467| 0.8509| 0.8951
Exp 5| 0.7217| 0.8342| 0.8913
Exp 6| 0.7592| 0.8529| 0.8962
Exp 7| 0.7345| 0.8560| 0.9250
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Table 6.5. Average Recall Values for our AttribEtealuation Experiments
Label NB C45 SVM
Exp 1| 0.7450| 0.8656| 0.8994
Exp 2| 0.7456| 0.8469| 0.9019
Exp 3| 0.7681| 0.8575| 0.8994
Exp 4| 0.7444| 0.8513| 0.8969
Exp 5| 0.7175| 0.8350| 0.8925
Exp 6| 0.7519| 0.8525| 0.8975
Exp 7| 0.7288| 0.8556| 0.9256

Table 6.6. Average F-Measure Values for our Attigblavaluation Experiments
Label NB C45 SVM
Exp 1| 0.7434| 0.8658| 0.8991
Exp 2| 0.7445| 0.8467| 0.9008
Exp 3| 0.7691| 0.8581| 0.8984
Exp 4| 0.7405| 0.8507| 0.8956
Exp 5| 0.7146| 0.8343| 0.8916
Exp 6| 0.7531| 0.8527| 0.8963
Exp 7| 0.7265| 0.8557| 0.9249
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Figure 6.6. ROC Curves for the best pe(:f)os;mrmng expent (Exp 3), experiments using
10-fold cross-validation
As we can see in figure 6.6, the ROC Curves rerahimost identical than the
original ones on figure 5.5. This indicates that ve@m safely assume we can remove 3
image parameters (30% of our feature vector) aid msaintain good classification
accuracy. In the next chapter we will analyze thesemeters in detail with different
dissimilarity measures to determine their usefdniesa different way. The following

correlation maps for the remaining datasets argvsHor illustrative purposes. For high

quality versions of them and the MDS maps (notudeld here) go to [122].
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Figure 6.11. Inter-class Correlation Maps for tNOECS Dataset
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Figure 6.13. Inter-class Correlation Maps for tA&SEAL2006 Dataset
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Figure 6.14. Intra-class Correlation Maps for tA&SEAL2006 Dataset
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CHAPTER 7

DISSIMILARITY EVALUATION MEASURES

Introduction

After investigating supervised and unsupervisedbate evaluation methods in
chapter 7. We are now confronted with the problérdetermining the most informative
dissimilarity measures for our solar images. Hawimg in mind we experimented with
18 similarity measures that are widely used fostgting, classification and retrieval of
images [126, 127, 128, 129, 130] in order to deteernwhich ones would provide a better
differentiation of solar activity in our classes.drder to determine which combination of
image parameters and similarity measures work best, investigated over 360
combinations. These experiments were performedetp tlentify the most (and least)
informative and useful combinations for our solataget.

Besides qualitatively determining which combinasiasf dissimilarity measures
and image parameters work best via the analysidiggimilarity matrices, we also
performed extensive quantitative analysis basednatidimensional scaling (MDS) to
the resulting dissimilarity matrices with class#imn algorithms. The MDS method for
visualization and dimensionality reduction has bewdely used by researchers in
different areas for image processing and retri¢l2b, 131, 132]. By applying MDS to
our dissimilarity matrices, we achieved two things} The mechanism for the
construction of a 2D or 3D visualization of our igpeadataset dissimilarities that depicts

class separation in a convenient way. 2) Verifaratof the amount of dimensionality
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reduction that we can achieve with our data pom@pped into a new artificial
dimensional space via the use of several classdicalgorithms.

To measure the quality of our dissimilarity measureimage parameter
combinations, as well as our dimensionality reductmethodology, we set up two
different ways of limiting the MDS components. Weagtitatively evaluate our work
(presented in section 8.15) using comparative arglywhere we compare the two
different component selection methods by presentmmparative classification results
for three different classifiers. This allowed usd&termine how to select our components
in order to achieve similar (or even better) clésaiion results than with our original
data. In our particular application, with the exgec growth of our repository, the
dimensionality reduction is very important in terofsallowing us to considerably reduce
our storage costs. As mentioned in [750], the tesafle very specific to the domain of
individual solar phenomena. They allow researchédrs are working on a particular
type of solar event (e.g. flares) to use a comhlnabf image parameters/distance

measures that better serve their classificatiopgaes.

Euclidean Distance [133]

This distance is defined as the distance betweem paints given by the

Pythagorean Theorem. This is a special case d¥lthkowski metric wherg=2,

D1=/(% - X)(X- %)’ (7.2)

Wherexs andx; are vectors of points.
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Standardized Euclidean Distance [133]

This distance is defined as the Euclidean distaat®ilated on standardized data,

in this case standardized by the standard devition

D2= /(% - XV (% - X) (7.2)

WhereV is then-by-n diagonal matrix whosg diagonal element iS(j)%, whereSis the

vector of standard deviations, angandx; are vectors of points.

Mahalanobis Distance [133]

This distance is defined as the Euclidean distavide normalization based on a

covariance matrix to make the distance metric sicadariant.

D3=1/(x, - X)C (% - X)' (7.3)

WhereC is the covariance matrix, andandx; are vectors of points.

City Block Distance [133]

This distance is also known as Manhattan distahcepresents distance between
points in a grid by examining the absolute diffexes between coordinates of a pair of
objects. Special case of the Minkowski metric wierg,

n
D4 = j_l‘xsj - th‘ V.4

Wherexs andx; are vectors of points.
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Chebychev Distance [133]

The Chebychev distance measures distance assumipnghe most significant

dimension is relevant. Special case of the Minkowrsktric wherep =
D5= maxjﬂxSj - X ‘} (7.5)

Wherexs andx; are vectors of points.

Cosine Distance [134]

This distance measures the dissimilarity betweemvtactors by determining the

cosine of the angle between them,

1. XX
JOX) (6 %) (7.6)

Wherexs andx; are vectors of points.

D6 =

Correlation Distance [134]

The correlation distance measures the dissimilasitythe sample correlation
between points as sequences of values

L (% - %)% - %)
JOC )06 X )0 - %)% - %)

n n

WhereX, = ﬁ X5, % :ﬁ X; andxs andx; are vectors of points.
j=1 j=1

D7

(7.7)
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Spearman Distance [135]

The Sperman distance measures the dissimilaritieobample’s Spearman rank

[135] correlation between observations as sequerfoesues,

(r - IT)(rt - Ft)I
D8=1- S
Jr T - 7)Y (- 1) - 1)

(7.8)

Wherersg; is the rank ofksj taken overxsj, X ... %, I's andr; are the coordinate-wise rank

vectors of Xs and Xt le., rs = (Fsw,rs2,-.,lsm) and
ol M) 17 (m+])
S m =1 S) 2 LI | m -1 1 2

Hausdorff Distance [15]

We present and use the Hausdorff distance in teimsstograms, since it is
widely used for smaller-scale image analysis ifiedént areas [90, 94, 6, 93, 91]. The
distance is intuitively defined as the maximum alise of a histogram to the nearest
point in the other histogram. In order to represmmt feature vector as a histogram, we
treated each element ofas a binrf = 64). For example, we conver to the histogram

A, the value in each biy (forj = 1 ton) is equal to eacks; (forj = 1 ton).

D9 (A, B) = max{supinf d(a,b),supinf d(a, b)} (7.9)
al A

b g a
Wheresuprepresents theupremuminf the infimum andd(a,b) represents any distance

measure between two points. In our case Euclidetance, and andB are histograms
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Jensen—Shannon Divergence (JSD) [13]

We present and use the Jensen-Shannon divergeterens of histograms, based
on our literature review of smaller-scale imagelysia in different areas [90, 94]. The
Jensen-Shannon divergence is also known as totatgdince from the average, this
measure is a symmetrized and smoothed versioredfulback—Leibler divergence

2A, 2B,
D10(A,B) = Amg +B, log——

A +B B, +A (7.10)

WhereA andB are histograms. In order to represent our featecéor as a histogram, we
treated each element ofas a binrf = 64). For example, we conver to the histogram

A, the value in each biy (forj = 1 ton) is equal to eacks; (forj = 1 ton).

2 Distance [136]

We present and use th2 distance in terms of histograms, based on cenalitire
review of smaller-scale image analysis in differemeas [6, 93]. The2 distance

measures the likeliness of one histogram being wfasyn another one,

n A - B,

D11(A B = ———1L
1 )j:1Aj+Bj (7.11)

WhereA andB are histograms. In order to represent our featecéor as a histogram, we

treated each element ofas a binr = 64). For example, we conver to the histogram

A, the value in each bify (for j = 1 ton) is equal to eack; (for j = 1 ton).
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Kullback—Leibler Divergence (KLD) [14]

We present and use the Kullback—Leibler divergeli€eD) in terms of
histograms, based on our literature review of senatale image analysis in different
areas [6, 93, 91]. The KLD divergence measuredlitierence between two histograms
A andB. Often intuited as a distance metric, Kile Divergences not a true metric since
it is not symmetric, th&L Divergencefrom A to B is not necessarily the same as ke
divergencdromB to A

n A
D12(A,B)= Alog

il
o B (7.12)

n B
D13B,A)= B log—
= Aj (7.13)

WhereA andB are histograms. Since this is the only non-symimeteasure we
use for this work. We treat it as a directed measund consideA to B andB to A as two
different distances. In order to represent ourui@atector as a histogram, we treated
each element af as a binrf = 64). For example, we convexd to the histogranf,, the

value in each bidy (forj = 1 ton) is equal to eacks; (forj = 1 ton).

Fractional Minkowski [133]

For the fractional Minkowski metrics (D14 to 18)ewave selected five different

factional values for the Minkowski metrip € 0.25, 0.50, 0.80, 0.90, and 0.95). Previous
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research [129, 130] has shown that these fractiom@tics out-perform the traditional
Euclidean(p=2) andcity block(p=1) distances for several artificial datasets.

P 1/p

Dis1s = n ‘ij - th‘ (7.14)

=1

Wherexs andx; are vectors of points.

Evaluation Results for the Solar Dataset

All experiments were performed using Matlab© R200Bbr the exponential curve
fitting we used the Ezyfit Toolbox [137]. As we ntiemed before, in order to properly
evaluate each of the extracted image parametdrte (tal) we decided to treat them
individually. We created a 64-element vector (froor 8 x 8 grid segmentation) per
image parameter, for each image. In order to ussetlvectors as histograms correctly
when calculating th&LD andJSD measures we need to make sure the sum of the bins
adds to one. To achieve this, we normalized evergles parameter per image in the

following way:

n

A,

m=1

Normaliz€ A) = Ay form=1ton (7.15)

wheren=64, since we have a total of 64 elements.
For each bin in the histograms, this allows usctdesour histograms and preserve
their shape. For bins equaling zero, we add a serll quantity (0.1x1®) in order to

avoid divisions by zero on th€.D measure.
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After all our data had been normalized in this neanwe calculated the pair-wise

distance between the histograms using Matlgduiest

funct

ion. As this function is

highly optimized for performance, the computationg for our first eight (and last five)

measures was very short. Thedaussdorff, KLD, JSDand c?distances where

implemented from scratch and yielded a higher cdatmnal expense due to their

nature. In total we produced 180 dissimilarity ntas (18 measures, countikgeD A-B

andB-A separately, times a total of 10 different imageapeeters). All these dissimilarity

matrices are symmetric, real and positive valued, lzave zero-valued diagonals. Thus

they fit the classical MDS requirements. In tablé We outline the ordering utilized for

the classification accuracy figures presented im¢hapter.

Table 7.1. Dissimilarity measure labels and rangesl in our classification accuracy figures

Label Distance Range Used in Figures
D1 Euclidean 11-207.8, 7.10, 7.11 and 7.12
D2 Standarized Euclidean 21-8@.8 and 7.10
D3 Mahalanobis 31-407.8 and 7.10
D4 City Block 41-50( 7.8, 7.10, 7.11 and 7.12
D5 Chebychev 51-607.8,7.10, 7.11 and 7.12
D6 Cosine 61-70 7.8 and 7.10
D7 Correlation 71-80 7.8 and 7.10
D8 Spearman 81-907.8 and 7.10
D9 Hausdorff 91-100 7.8 and 7.10

D10 Jensen-Shannon divergence (JSD) 101;718 and 7.10

D11 2 111-120 7.8 and 7.10

D12 Kullback-Leibler divergence (KLD) A-B  121-130r.8 and 7.10

D13 Kullback-Leibler divergence (KLD) B-A  131-1407.8 and 7.10

D14 Fractional p=0.25 141-1507.11 and 7.12

D15 Fractional p=0.50 151-1607.11 and 7.12

D16 Fractional p=0.80 161-1707.11 and 7.12

D17 Fractional p=0.90 171-1807.11 and 7.12

D18 Fractional p=0.95 181-1907.11 and 7.12
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Table 7.2 presents the ordering used for the scalage plots of the dissimilarity

matrices (sing scaled image plofsin figures 7.2, 7.5 and 7.6. It also lists thdéoc®

used for the MDS plots presented in figures 7.2, 7.5 and 7.6.

Table 7.2. Scaled image plot ranges and colorgspanding to the classes of the solar dataset

Event Name Scaled Image Plot Range MDS Color
Active Region 1-200 Red
Coronal Jet 201-400 Green
Emerging Flux 401-600 Blue
Filament 601-800 Yellow
Filament Activation 801-1000 Magenta
Filament Eruption 1001-1200 Gray
Flare 1201-1400 Orange
Oscillation 1401-1600 Black

Dissimilarity Matrix Calculations

Figure 7.1 presents the average time (in minutes)is required to calculate one

1,600 by 1,600 dissimilarity matrix for each of th® dissimilarity measures. Averages

are reported based on 10 calculations, as sepaedte&es were calculated for each of the

10 image parameters (table 4.1).



91

D1 - Euclidean

D2 - Standardized Euclidean
D3 - M ahalanobis

D4 - City block

D5 - Cheby chev

D - Cosine

D7 - Correlation

D8 - Spearman

D9 - Hausdori
D10 - J8D

D11 - %2

D12 -KLD A-B

D13 -KLD B-A

O14 - Fractional p = 0.25
D15 - Fractional p = 0.50
D16 - Fractional p = 0.80
D17 - Fractional p = 0.90
018 - Fractional p = 0.95

01 2 3 4 5 6 7 8 9 10 1 1213 14 15 16 17 18 19 20 21 22 23 24 25 26 27

Figure 7.1. Average time in minutes required te@ekte one 1,600 by 1,600
dissimilarity matrix

Plots of these dissimilarity matrices help us taldatively identify which image
parameters and measures provide informative diffexgon for our images between the
eight different classes of our solar dataset. is traper we show three of the most
interesting dissimilarity measure — image parametenbinations we generated (good
and bad). However, all 180 combinations are founftLla2]. Here the classes of our
benchmark are separated on the axes, after 20 @imiages) the next class starts. The

classes are ordered in the same way as in tahle 7.2
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Figure 7.2: Scaled image plot of dissimilarity nrafor (a) Correlation (D7) measure
with image parametenean(P2), (b)JSD(D10) measure with image paramatezan
(P2), (c)Chebychey¥D5) measure with image parametelative smoothneg$7)

As we can see from figure 7.2(a), this combinatidnsimilarity measure D7
(correlation) and image parameter P@hdar) produces a good separation between all
classes, hence the very diverse coloring throughbet figure. Blue means low
dissimilarity, and red means high dissimilaritygéiie 7.2 (b) shows that the DLISO
measure produces an entirely different dissimilanatrix for the same image parameter
P2 (mear), which highlights different dissimilarities thaime correlation measure (shown

in figure 7.2 (a)). Figure 7.2(c) is a clear exaenpf a combination of a dissimilarity
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measure D5 Ghebychey and an image parameter Pielétive smoothne¥sthat
highlights dissimilarities within only one class tife benchmark, but recognizes that
everything else is highly similar for the rest bktclasses. This validates our idea of
testing every pair of dissimilarity measures ancgem parameters individually, since
there are combinations that will allow us to notdiferent relationships between the
classes of solar images.

Transformation of Dissimilarity Matrices
via Sultidimensional Scaling (MDS)

After generating 180 dissimilarity matrices, we fpaned classical
multidimensional scaling using Matlabsndscale function. MDS has been widely
utilized in image retrieval research to reduce disienality [131, 132], and to aid in the
visual depiction of image similarity in a convertigwo and three dimensional plot [125].
However, these works present results on a condgijesmaller number of images and
use a considerably smaller number of dimensions. ¢thors used in the MDS plots are
presented in table 7.3. The most commonly used MIDS involve using the first two or
three components of the calculated coordinate madtrifigure 7.3 we show both 2D and

3D plots of these components.



94

Figure 7.3. MDS map for theorrelationmeasure D7 with image parametezan(P2) a)
top 2 and b) top 3 components

As we expected, in figure 7.3 we cannot easily tifga clear separation between
our eight different classes on 2 or 3 dimensionsweéler, selecting the correct
combination might yield interesting 3D maps fortaar dissimilarity measure —image
parameter pairs. In figure 7.4 we show the 3D MDB#&gonent plots for the dissimilarity
matrices of figure 7.2. Here we show that, while & and b) the maps do not really
highlight any clusters, in c) we have a clear dudor classActive Region(color red
from table 7.2). This is exactly what is indicaiedfigure 7.2 part c). These 3D MDS
components plots sometimes show very clear clugigriOther times they can be used to
aid in the interpretation of the scaled image plaftshe dissimilarity matrices (we will

talk about this when we discuss the fractional Minkki metrics results)
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Figure 7.4. 3D MDS components plot for @)rrelation (D7) measure with image
parametemean(P2), (b)JSD(D10) measure with image paramatezan(P2), (c)
ChebycheyD5) measure with image parametelative smoothneq$6).

Fractional Minkowski Metrics

Due to the fact that Minkowski-based fractional nest have provided very
interesting results in other domains [129, 1301 are supposed to be mathematically
proven to be better than other more traditional-fnraational Minkowski metrics [129],

we wanted to investigate their behavior on ourrsdédaset. In this section, using figures
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7.5 and 7.6, we present a comparison between #iledsanage plot and the 3D MDS

components plot for two different fractional mes$rinf the same image parameter.

Figure 7.5. Plots foFractional Minkowskimetric withp=0.25(D14) and thdractal
dimensionmage parameter (P8): (a) Scaled Image Plot, ()yI®S components plot.

From figure 7.5, we can observe a relatively clsaparation of two classes
(Active Region(axis-range: 1-200) anBmerging Flux(axis-range: 401-600)), when it
comes to the scaled image plot of the dissimilamigtrix (a). However, in terms of the
3D MDS components plot (b) the clusters correspamtih Active Regior{red color) and
Emerging Flux(blue color) seem a bit fuzzy and mixed in witle ttest of the classes.
According to our literature review [129, 130] thefsactional metrics tend to improve
whenp approaches one. In figure 7.6 we try to verifysthelaims for our own domain-

specific dataset.
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Figure 7.6. Plots foFractional Minkowskimetric withp=0.95 (D18) and thdractal
dimensionmage parameter (P7): (a) Scaled Image Plot, fo)y®S components plot

As the literature mentions [129, 130], onxes closer to 1 we see that on both the
scaled image plot of the dissimilarity matrix (ajdathe 3D MDS components plot (b),
the classe#\ctive RegiorandEmerging Fluxare more separable and hence have better
clustering. It is also very interesting that thstref the classes tend to get ‘dragged away’
from these two classes, making thetive RegiorandEmerging Fluxclasses even more
distinguishable. However, this increases the séparaf the other classes. This only
shows that each combination of dissimilarity measand image parameter is very
unique, and that their behaviors need to be andlyzdividually to get the most out of
this type of analysis, a daunting task indeed ac@rgig the number of plots to analyze is
equal to the number of image parameters times tiheber dissimilarity measures being

analyzed.
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Component Thresholding

As we mentioned before, MDS is also used for dinmadity reduction. We
analyzed the magnitudes (importance) of the MDSpmmants in order to determine how
many components we need in order to maintain a gepcksentation of our data in the
new dimensional space, and how many componentaweiscard in order to reduce our
storage costs.

In order to determine the aforementioned numberoofiponents we plotted the
magnitude of each component. Since the MDS coadtelingatrix output is ordered by
importance, the magnitudes should be decreasittgeasumber of components increases.
After empirical analysis of the magnitude of theulting MDS components, we observed
that after 10 components the decrease of their iuaps moderates (in most of the
cases), therefore, as a first approach, we dec¢aé&ke a somewhat naive approach and
applied a threshold of 10 components per dissiiyjlaneasure - image parameter
combination.

In our second approach we utilized exponential euiitting [138] to find a
function that models this behavior. Our intenthrs phase was to locate a threshold for
the number of necessary components. We utilizesad&gree angle of the tangent line to
this function to determine the threshold and dddae components whose magnitudes

are not providing significant improvement over girevious ones.
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Figure 7.7. Exponential curve fitting for: (egrrelation measure (D7) with image
parameter mean (P2), (b) JSD measure (D10) witgéenparameter mean (P2). The x-
axis indicates the number of components (1-63)thad-axis indicates the magnitude of

these components.
As can be seen from figure 7.7, the magnitudes@icbmponents decrease up to
a certain point. After this point the change isyvainimal and thus not too important for
the new dimensional space.
Based on these curve fitting results and the tluldsbutput, we determined a
specific number of components per combination dsidiilarity measure - image

parameter. We can now determine how well this redudimensional space performs in

our classification tasks in section 7.15.5.

Quantitative Evaluation via Comparative
Analysis of Classifiers

We have described how we applied the dissimilanityasures to our image
parameters and produced dissimilarity matrices.al¥e analyzed how MDS transformed

these dissimilarity matrices into a different dirsemal space, one that will require,
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hopefully, fewer dimensions in order to distingudifferent types of solar phenomena.
We now describe the classification experiments vegfopmed on the naive 10-
component threshold and the resulting tangent llotded components, and compared
them to our original data. All classification expeents were run using 10 fold cross-
validation. We ran a total of 360 different datastrough the three classifiers described
in chapter 5. In the following figures we presdm pverall results of these classification

experiments and offer a more detailed explanatfdheomost interesting results.

Figure 7.8. Percentage of correctly classifiedanseés for the 10 component threshold: a)
for the Naive Bayes classifier, b) for the decidie (C4.5) classifier, and c) for the
SVM classifier, for the original data (1-10) and d80 experiments. Experiments using
10-fold cross-validation
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Figure 7.8 shows the classification accuracy of smlected classifiers on our 10
component per measure/image parameter combindtenfirst 10 columns indicate our
original normalized dataset values with no measurdimensionality reduction applied
to them. The rest of the columns (11 to 190) indicaur measure/image parameter
combinations in the order they are presented imet&dbl. For instance, element 11
indicates dissimilarity measure (D1) (iEuclidean distangefrom applied on parameter
P1 (i.e.Entropy from table 4.1. Experiment 12 indicates dissintyameasure (D1)
applied on parameter P2, and so on (e.g. experarightand 39, feature dissimilarity
measures (D2) and (D3) respectively applied to ena@yameter P9).

As is shown in figure 7.8(a) and 7.8(b), our 10-poments-only approach
produces very similar classification results to otiginal data for most combinations of
measure and image parameters. We also noticehthatdrst performing measure/image
parameter combination is presented in columns 9D@ corresponding to tht¢ausdorff

dissimilarity measure (D9).
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Figure 7.9 Number of components to use indicated by the tatinigpeesholding method.
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In figure 7.9 we show the resulting number of comgras to be used based on the
tangent thresholding separated in two rows. Theimsobk represent the 190 different
image parameter/measure combinations (with the ssamsof the first 10, which are the
original dataset). In this figure, a high number a@imponents indicate that the

components do not seem to steadily decrease iancai

Figure 7.10. Percentage of correctly classifiethinses for the tangent-based component
threshold: a) for the Naive Bayes classifier, b)tfi@ decision-tree (C4.5) classifier, and
c) for the SVM classifier, for the original data10) and our 180 experiments.
Experiments using 10-fold cross-validation
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In figure 7.10 we show the tangent thresholdedsdiaation results. The number
of components selected varies between 1 and 63ndege on the combination of
measure/image parameter. For direct comparisoexperiments were ordered the same
way as on figure 7.8.

In these thresholded components classificationltseste get very similar results
in comparison to classification results that usly @0 components for NB and C4.5, and
in some cases we get considerable drops e.g.h&®oChebychevmeasure (D5) (see
experiments 51-60). This is due to the fact thattémgent based thresholding selects less
than 10 components per combination of dissimilamiyasure - image parameter and in
some instances even only 1 component (see fig@)e An interesting thing to notice is
that the overall classification percentages inaemssistently for th&LD A-B andKLD
B-A (D12 and D13) combinations (experiments 121 to)1dBhough this might be due
to the fact that the tangent thresholding sele6@domponents for several of the image
parameter combinations. We also observe that prayldrge numbers of components to
greedy classifiers (NB and C4.5) does not help tiraprove much, whereas SVM take
clear advantage of more data.

With the aforementioned results for both of thegtamt thresholding and the 10
component limiting we observe that with only 10 @mments we can achieve good
accuracy results (around 80-90%) for the selecledsifiers. This translates to an
average 70% dimensionality reduction of our origidataset. We can also see which
image parameters perform the best with which measuvhich was one of our objectives

with this research.
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Quantitative Evaluation via Comparative
Analysis of Classifiers for the Fractional Minkovdketrics

In figures 7.11 and 7.12, we take an in-depth labkhe classification results for
the Fractional Minkowskidissimilarity measures (D14 to D18) paired withr ather
three dissimilarity measures based onNtekowskimetric. These dissimilarity measures
are: City Block distance [f=1) (D4), Euclidean distance §=2) (D1), and Chebychev

measure= ) (D5).
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Figure 7.11. Percentage of classification accurfmrythe 10-component Minkowski
based metrics witlp= .25 top= (D14-18, D4, D1, D5), ordered by image parameter
and using the same ordering from table 7.1. Expatswusing 10-fold cross-validation

As we can see in figures 7.8 and 7.10 (experimbhisto 190) and in figure 7.11,
the fractional metrics tend to perform in a verghbé¢ manner, dropping for the same
image parametersfactal Dimension(P8) andlamura Directionality(P9)) for all of the

differentp values we investigated. An interesting thing ttig®in this figure is that g3
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gets closer to 1, the experiments do not showa ¢éédency of increasing classification
accuracy. Also, while we have different resultsifdra-class separation for some class’
behavior, as we show in section 7.15.3, the inesscseparation of the remaining classes
seems to balance out the classification resulte. al&o have bigger drops agets close

to infinity for the Chebychevdissimilarity measure (D5), indicating th&tinkowski
metrics with ap closer to 2, perform better (and more stably) tht@a dissimilarity
measure. A final observation from figure 7.11 iattwvith the 10-component threshold
the tree-based classifier (C4.5) achieves the ddassification results, while SVM seems
to stay almost 10% behind for this low number ahponents. However, this will change

in high dimensional space, which we will discusshi@ next paragraph.
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Figure 7.12. Percentage of classification accurdgy the Tangent thresholded
Minkowski based fractional metrics wiftx .25 top= (D14-18, D4, D1, D5), ordered
by image parameter and using the same ordering fatie 7.1 Experiments using 10-
fold cross-validation
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In figure 7.12, we see two very interesting diffezes between the tangent
threshold and our 10-component threshold. The iBrghat SVM takes a definite lead in
terms of classification, with accuracy approach®@§so for the majority of dissimilarity
measure/image parameters pairs and reaching ouallbbest result of 94.4% for the
mahalanobisdissimilarity measure (D3) combined with thieanimage parameter (P2).
The tree-based classifier C4.5 keeps almost the sdassification accuracy as with 10-
components, causing us to believe that high dinoeadty does not benefit this
classification model. The improvement of the SVMwacy shown in figure 7.10, is due
to the fact that we selected a considerably laageount of components with the tangent
threshold, between 46 and 63, with the majoritynge3 (see figure 7.9). This greatly
improves the performance of the SVM classifiernia majority of our experiments. The
selection of this high number of components is tlueghe fact that the decrease in
magnitude of the components is very small makingetitting ineffective

The second thing to notice is that our classifaratccuracy drops considerably
for p values greater and equal to one, over 30-40%doresimage parameters, and for
the majority of theChebychewneasure (D5) results. This could be partly duéhéofact
that the number of components selected is less 3afor most instances (see figure
7.10, experiments 41 to 50 fpr=1 (D4), 11 to 20 fop =2 (D1), and 51 to 60 fqu =
(D5)), and the actual dissimilitude found for thembination of dissimilarity measure -
image parameter in question. In table 7.3 we pteentop 10 classification results for
both the tangent thresholded and the 10 compotiented datasets. This will help us to

guantitatively evaluate the differences betweesdleo methods.
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Table 7.3Top 10 classification accuracy results for 10 congra thresholded
dimensionality reduction experiments. D indicatessighilarity measure and P indicates
image parameter number from table 4.1

NB C45 SVM
D13-P8 82.44% D7-P2 90.63%q D8-P2 81.13%
D12-P8 81.25% D12-P2 90.63%¢ D7-P2 80.19%
D12-P2 78.88% D8-P2 89.63% D7-P1 77.88%
D7-P2 78.75% D1P2 88.69%| D8-P7 77.44%
D8-P2 78.19% D10-P2 88.63%9 D8-P6 77.44%
D13-P2 78.06% D2-P2 88.25%q D7-P7 77.13%
D12-P1 77.81% D18-P2 88.25%q D7-P4 77.00%
D1-P2 77.25% D1P1 87.88%| D7-P6 77.00%
D7-P1 76.94% D7-P1 87.69%| D4-P2 76.88%
D18-P2 76.88% D4-P2 87.50% D8-P1 76.88%

Table 7.4. Top 10 classification accuracy resutgdngent thresholded dimensionality
reduction experiments. D indicates dissimilarityasuere, P indicates image parameter
number from table 4.1, and C indicates number offmmnents

NB C45 SVM
C-63-D12-P8 85.50% C-21-D12-P2 | 89.38% C-63-D3-P2 94.44%
C-32-D7-P1 85.06% C-27-D8-P2 89.19% C-59-D2-P2 93.88%
C-29-D7-P2 84.69% C-12-D1-P2 88.81% C-63-D3-P1 92.13%
C-59-D2-P2 84.31% C-59-D2-P2 88.75% C-63-D12-P8 92.13%
C-27-D8-P2 84.19% C-14-D13-P2 | 88.75%C-63-D13-P8 91.38%
C-63-D13-P8 83.94% C-29-D7-P2 88.63% C-63-D12-P10 91.00%
C-35-D8-P7 83.75% C-15-D10-P2 | 88.31%C-63-D3-P4 90.56%
C-35-D8-P6 83.75% C-27-D4-P2 88.25% C-63-D3-P7 90.06%
C-63-D3-P7 83.25% C-32-D7-P1 88.25% C-63-D13-P10 89.50%
C-35-D4-P6 83.25% C-25-D13-P6 | 87.31% C-63-D3-P5 89.38%

In table 7.3 (the 10-component threshold) we haeey Wifferent measures
performing the best for the different classifidrsterms of our image parametensean
(P2) manages to appear in our top 10 almost 508eofimes, next téractal dimension
(P8), andentropy (P1). It is interesting to note that thk&.D (D12 and D13) measure

seems to perform very well for our Naive Bayes (NBssifier, taking five out of 10
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spots in this tableCorrelation (D7) also takes the first two spots when combwvét the
meanparameter (P2). Both directions of til{6D measure A-B and B-A) (D12-D13)
seem to appear close to each other, indicatingitbahight be able to only use one of the
directions and considerably reduce its computatiexpense. We noticed that for the
remaining two classifiers (C4.5 and SVM) we haviéedent combinations of themean
(P2) parameter and very different types of meas(Cesrelation (D7), KLD (D12 and
D13) andSpearman(D8)) taking the first few places. However, the shanteresting
result for us was that the fractional metrics ombpear twice in this table, showing that
they are not very good for our dataset. They ase aksily beaten by theuclidean
distance (D1) g=2) on both occasions, showing a different trerahtim the artificial
dataset comparison presented in [129, 130] in tefnotassification accuracy.

When it comes to the tangent thresholded classificaesults in table 7.4, we
have different trends when it comes to the topla6sification results. The combinations
presented for the Naive Bayes classification resuity beat the 10-component results by
3-4% and have almost three times as many compoffeorts 29 to 63) showing that the
10-component threshold actually performs prettyl wdden it comes to this classifier.
We also have surprising results for the C4.5 di@ssi Here, for the top 3 results, we
actually have a drop in accuracy of 1% when ushrgd times as many components,
showing the behavior we mentioned about trees kgegimilar classification results for
both thresholding methods (but with a considerahlzease in the number of data
points). The combination of dissimilarity measurenage parameter seems to hold for

these two classifiers when it comes to achievirgghighest accuracy. One thing to note
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again is that none of thieactional metrics(D14-D18) factor in when it comes to this
thresholding method. This reinforces the claim ttrety are very stable (hence their
classification accuracy is not increasing for ahlkeignumber of components selected by
the tangent thresholding method), but they are mbsadeal for our own solar dataset.

As we have shown in this chapter, the analysisftérént dissimilarity measures
for purposes of attribute evaluation is somethirgryvuseful when it comes to
discovering interesting relationships in our dataese experiments and their results have
shown that using the dissimilarity measures togetiéh Multi-Dimensional Scaling
(MDS) we can achieve some certain degree of dimeasty reduction by taking
advantage of the underlying properties of the datt are discovered through the
different measures. The biggest drawback in utijzMDS for dimensionality reduction
in a CBIR system is the fact that the method daggrovide a proper mapping function
for unseen data. This makes the method not verfylusben we are looking to add new
unseen data to the CBIR system. To overcome thé,add to our framework the
capabilities of analyzing dimensionality reductimethods that do poses proper mapping
functions for unseen data. The usefulness andts®leaf an optimal method we suspect
is again very domain dependent and we will proadenalysis of this in chapter 8.

For illustrative purposes and for other researchatsrested in looking at
different types of images (medical, natural scee&y, we present some of the results of
the dissimilarity measures evaluation with the rigring datasets (proposed in chapter 3)
in the following pages. We will present at tabletloé top 10 performing combinations of

dissimilarity measure / image parameters for bdi tangent and the 10-component
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thresholds, for all 3 classifiers. We will then geat the scaled image plot, 2D and 3D
MDS plots for one of top performing combinations d§similarity measure - image
parameter and provide a brief discussion about th@meach of the datasets. The
remaining scaled image plots, MDS plots, and diassion results as well as the data
files to reproduce these experiments for the satarthe rest of the datasets can be found
at [122].

Table 7.5. Top 10 classification accuracy resultsbth thresholded dimensionality reduction
experiments on ImageCLEFMedO05 dataset. D indiadigssmilarity measure, P indicates image
parameter number from table 4.1, and C- indicatesher of components

NB C45 SVM

C-37-D8-P2 78.69% C-63-D13-P7| 89.31%C-41-D13-P1| 88.00%
C-36-D7-P2 76.63% C-63-D12-P6| 88.94% C-40-D12-P1| 85.75%
C-15-D1-P2 76.31% C-41-D13-P1| 88.81%C-37-D12-P2| 85.31%
C-40-D12-P1| 76.31%C-63-D12-P7| 88.69%C-43-D13-P2| 85.19%
C-10-D7-P2 75.25% C-63-D12-P5( 88.56% C-10-D12-P2| 84.19%
C-10-D1-P2 75.19% C-63-D13-P6| 88.56% C-63-D13-P8| 83.06%
C-63-D13-P8 | 74.81%C-40-D12-P1| 88.31%C-10-D13-P2| 82.31%
C-10-D8-P2 74.69% C-38-D4-P2 86.88% C-10-D13-P1| 82.06%
C-38-D4-P2 74.63% C-37-D8-P2 86.63% C-10-D12-P1| 81.50%
C-10-D17-P2 | 74.44%C-63-D12-P3| 86.56% C-10-D13-P8| 81.06%

Table 7.6. Scaled image plot ranges and coloresponding to the classes of the
ImageCLEFMedO05 dataset

Class Name Scaled Image Plot Range  MDS Color
Plain Radiography Frontal Cranium 1-200 Red
Plain Radiography - Trachea 201-400 Green
Plain Radiography - Spine 401-600 Blue
Plain Radiography - Hand 601-800 Yellow
Plain Radiography - Chest 801-1000 Magenta
Plain Radiography - Pelvis 1001-1200 Gray
Plain Radiography - Feet 1201-1400 Orange
Plain Radiography - Cranium 1401-1600 Black
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Figure 7.13. (a) 3D MDS plot, (b) 2D MDS plot, Ggaled Image Plot, for the
ImageCLEFMed05 Dataset combination of Spearman (@Ejsure with thmean(P2)
image parameter
For the ImageCLEFMedO05 dataset, this C-37-D8-PzZexpent actually appears
in the top 10 for two different classifiers. If yowtice in figure 7.13, we can see a
somewhat clear separation of the classes (diffezelored clusters on (a) and (b)), and

nice blocks of lower dissimilarity on (c). This lzetor is one of the main things we are

trying to outline with this dissimilarity measureagduation module.
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Table 7.7. Top 10 classification accuracy reswutsobth thresholded dimensionality
reduction experiments on ImageCLEFMed07 datasetdRates dissimilarity measure,
P indicates image parameter number from tableahd C- indicates number of

components

NB

C45

SVM

C-10-D7-P2 85.449
C-10-D8-P2 85.319
C-40-D12-P1 | 84.06°
C-38-D8-P2 83.949
C-39-D7-P2 83.819
C-10-D16-P2 | 83.38¢9
C-10-D14-P2 | 82.949
C-10-D17-P2 | 82.889
C-10-D12-P1 | 82.63¢
C-10-D4-P2 82.639

p C-63-D12-P6| 94.31% C-40-D12-P1| 90.44%
p C-63-D13-P7| 92.81%C-54-D13-P1| 90.44%
p C-63-D12-P7| 92.69% C-43-D13-P2| 89.81%
p C-40-D12-P1| 92.31%C-63-D13-P8| 89.19%
p C-63-D13-P6| 92.13%C-32-D12-P2| 89.00%
b C-54-D13-P1| 91.81%C-63-D12-P8| 88.75%
b C-63-D12-P5| 91.75%C-10-D13-P1| 88.69%
b C-63-D12-P8| 91.31%C-10-D12-P2| 87.88%
b C-59-D13-P4| 90.88% C-10-D13-P2| 87.75%
p C-40-D4-P2 | 90.56% C-10-D12-P1| 87.38%

Table 7.8. Scaled image plot ranges and coloresponding to the classes of the

ImageCLEFMed07 dataset
Class Name Scaled Image Plot MDS Color
Range
Plain Radiography - Chest 1-200 Red
Plain Radiography - Hand 201-400 Green
Plain Radiography - Cranium 401-600 Blue
Plain Radiography - Side Chegt 601-800 Yellow
Plain Radiography - Trachea 801-1000 Magenta
Plain Radiography - Breast 1001-1200 Gray
Plain Radiography - Lungs 1201-1400 Orange
Plain Radiography - Leg Bones 1401-1600 Black

An interesting thing to note here is that we aagtstg to notice th&LD measure

(D12 and D13) to appear more often in the top tesMVe will go into detail about why
this happens when we talk about the INDECS and PAS(@atasets in the next few
pages. For now, we selected the C-40-D4-P2 expatif@aty blockmeasure (D4) with

meanparameter (P2)) as the one to analyze due taatttagtat it appears in both the NB

and the C45 top 10’s.
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Figure 7.14. (a) 3D MDS plot, (b) 2D MDS plot, Ggaled Image Plot, for the
ImageCLEFMed07 Dataset combination of City-block)neasure with themean(P2)
image parameter
Again for the ImageCLEFMed07 dataset figure 7.1B3plots ((a) and (b) we
can actually see somewhat clear separation forofwitbe classes (magenta and gray). In
the scaled image plot (c), we can see exactly whdrappens (the 800 to 1200) range.
These plots show to be of great aid when identifyafusters (and hence improving

classification) on datasets that can be separaiedlynby our combinations of

dissimilarity measures and image parameters.
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For the experimental results on the INDECS datasefiound very surprising and

interesting results that show how useful some & theasures/image parameters
combinations KLD with everything) can be in finding the underlyimigssimilarities
between the data. Aided by MDS, these dissimikgittan considerably improve our
classification results. However, due to the faattMDS does not provide a proper
mapping function, these results are interestintheory but not in actual practice since
we can’t properly map new data to this very effitirew dimensional space.

Table 7.9. Top 10 classification accuracy reswutsobth thresholded dimensionality
reduction experiments on INDECS dataset. D indgdtssimilarity measure, P indicates
image parameter number from table 4.1, and C- atdgcnumber of components

NB C45 SVM
C-63-D13-P8 | 87.94%C-63-D12-P8| 92.25% C-63-D12-P8| 90.56%
C-63-D12-P8 | 84.06% C-63-D13-P8| 90.88% C-63-D13-P8| 90.25%
C-10-D13-P8 | 83.75%C-39-D13-P2| 81.56% C-10-D13-P8| 85.75%
C-10-D12-P8 | 81.00%C-63-D13-P6| 80.94%C-10-D12-P8| 84.63%
C-34-D13-P1| 66.69%C-39-D12-P2| 79.94%C-34-D13-P1| 66.19%
C-37-D12-P1| 61.00%C-10-D13-P8| 79.81% C-37-D12-P1| 65.44%
C-39-D13-P2 | 59.88%C-63-D13-P7| 77.88%C-39-D13-P2| 62.19%
C-10-D13-P1| 58.69%C-63-D12-P6| 77.81%C-10-D13-P1| 59.88%
C-10-D12-P1| 57.06%C-10-D12-P8| 77.56% C-39-D12-P2| 58.94%
C-39-D12-P2 | 54.25%C-63-D12-P7| 75.19%C-10-D12-P1| 57.38%

Table 7.10. Scaled image plot ranges and coloregponding to the classes of the
INDECS dataset

Class Name Scaled Image Plot Range MDS Color
Corridor — Cloudy 1-200 Red
Corridor — Night 201-400 Green
Kitchen — Cloudy 401-600 Blue
Kitchen — Night 601-800 Yellow
Kitchen — Sunny 801-1000 Magenta
Two-persons Office - Cloudy 1001-1200 Gray
Two-persons Office - Night 1201-1400 Orange
Two-persons Office - Sunn) 1401-1600 Black
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Figure 7.15. (a) 3D MDS plp(b) 2D MDS plot, (c) Scaled Image Plot, for the IEOS Dataset
combination oKLD A-B (D12) measure with thieactal dimensior(P8) image parameter

Initially we can see that the 3D and 2D MDS platsf figure 7.15 are not very
helpful since almost everything seems to be veogel This is demonstrated on the
scaled image plot in (c). The few images that seatrof the main clusters of (a) and (b)
al also reflected in the lighter lines on (c), simyvthem as outliers or dissimilar to the
rest. Intuitively this might lead you to believatttlassification on such results might be

very bad, however, the MDS with 10 and 63 compaectually seems to have more
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easily separable clusters (we can’t visualize dl dimensions at once, but the
classification results show this). This has tohmnks to the particular combination of the
fractal dimension parameter with tk&.D (both A-B and B-A) measures for both the
tangent and the 10-component thresholding expetsr(émp 4 on table 7.9). Immediately
after we have a drop of 15% accuracy for the nertlination of dissimilarity measure
and image parameter, and this trend continues uedithing the 30% accuracy the
original 640 dimensional INDECS dataset achievéss Just shows that while tHeactal
dimensionseems to be a bad image parameter for these ¢fypemges when looked at
with the Euclidean distance (as traditional cotrefaanalysis, traditional classification
and dimensionality reduction algorithms rely omh)¢can be very useful in separating the
INDECS images when paired with thd.D measure. We see similar results for the
PASCAL 2006 and PASCAL2008 datasets for severdemiht image parameters when
paired with the&KLD measure.

This leads to two very interesting things 1) Thmage parameter aidLD works
very well for some particular datasets making tdasimilarity measure - image
parameter combination valuable for that datasety didomain specific). 2) Our
dissimilarity measure analysis mode is greatlydakd by these experimental results
since we uncovered a parameter that seemed veungefn} to be actually quite useful
when properly paired with a certain dissimilariteasure. We can also say that for the
datasets where our parameters are selected profperlgolar, ImageCLEFMedO5 and
07), the KLD makes some impact but not a considerable one amdhave other

parameters/measures taking the lead (best clagsificaccuracy results), whereas for the
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datasets where the parameters are not properlgtegleve have uncovered very
interesting results while using this measure.
Table 7.11. Top 10 classification accuracy redolt$oth thresholded dimensionality

reduction experiments on PASCAL2006 dataset. Dcatds dissimilarity measure, P
indicates image parameter number from table 4d Gyrindicates number of

components
NB C45 SVM
C-62-D13-P8 | 80.56% C-63-D12-P5| 86.63% C-62-D13-P8| 89.25%
C-60-D12-P8 | 78.81%C-62-D13-P8| 86.00% C-60-D12-P8| 88.06%
C-48-D13-P1| 78.75%C-63-D12-P6| 85.44% C-47-D12-P1| 82.69%
C-10-D12-P8 | 78.38%C-60-D12-P8| 85.31%C-48-D13-P1| 81.69%
C-63-D12-P5 | 78.06%C-48-D13-P1| 84.81%C-10-D12-P8| 79.50%
C-47-D12-P1| 77.94%C-63-D13-P5| 84.13%C-10-D13-P8| 79.50%
C-10-D13-P8 | 74.81%C-63-D13-P6| 83.94% C-32-D12-P2| 77.19%
C-63-D12-P7 | 74.81%C-55-D12-P4| 83.69% C-31-D13-P2| 76.44%
C-63-D13-P6 | 73.81%C-63-D13-P7| 81.88%C-63-D12-P3| 75.94%
C-55-D12-P4 | 72.25%C-63-D12-P7| 81.81%C-63-D13-P3| 72.31%

Table 7.12. Scaled image plot ranges and coloregponding to the classes of the

PASCAL2006 dataset

Class Name Scaled Image Plot Range MDS Color
Car 1-200 Red
Bicycle 201-400 Green
Cat 401-600 Blue
Cow 601-800 Yellow

Dog 801-1000 Magenta
Horse 1001-1200 Gray
Person 1201-1400 Orange
Sheep 1401-1600 Black

We again see th&LD (D12 and D13) measure appears on the top spotasand
we gain considerable classification accuracy imprmognts. The same parameters as
before P8 and P1lfractal dimensionand entropy seem to be benefited for these

PASCAL datasets
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Figure 7.16. (a) 3D MDS plot, (b) 2D MDS plot, @aled Image Plot, for the PASCAL2006
Dataset combination ¢fLD A-B (D12) measure with thieactal dimension{P8) image parameter

We again see the same behavior as for the INDEG@&etaon figure 7.16, the
only noticeable difference is that there are moudyng (high dissimilarity) images
hence more numbers outside the clusters in (a)lanand different colored ‘lines’ on
(c). These results serve to validate the usefuloktize analysis of all these measures by
uncovering the very useful relationship of #leD measure with a few image parameters

when it comes to analyzing datasets that contghlyidissimilar images.
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Table 7.13. Top 10 classification accuracy redoitdoth thresholded dimensionality
reduction experiments on PASCAL2008 dataset. Dcatds dissimilarity measure, P
indicates image parameter number from table 4d Gyrindicates number of

components
NB C45 SVM
C-26-D12-P1 | 82.25%C-63-D13-P8| 89.63% C-63-D13-P8| 91.00%
C-27-D13-P1| 82.06%C-63-D12-P8| 88.94% C-63-D12-P8| 88.63%
C-10-D12-P8 | 79.94%C-26-D12-P1| 85.94%C-26-D12-P1| 86.63%
C-10-D13-P8 | 79.63%C-27-D13-P1| 84.00% C-10-D13-P8| 85.94%
C-63-D13-P8 | 78.06%C-63-D13-P6| 82.94%C-27-D13-P1| 84.81%
C-63-D12-P8 | 77.69%C-63-D12-P6| 82.25% C-10-D12-P1| 82.25%
C-10-D13-P1 | 74.31%C-10-D13-P8| 79.75%C-10-D12-P8| 81.88%
C-10-D12-P1| 73.44%C-63-D12-P7| 79.38%C-10-D13-P1| 76.25%
C-39-D12-P3 | 67.63%C-63-D13-P7| 78.56%C-39-D12-P3| 75.81%
C-10-D12-P3 | 64.75%C-63-D12-P5| 76.69% C-37-D13-P3| 73.94%

Table 7.14. Scaled image plot ranges and coloregponding to the classes of the

PASCAL2008 dataset

Class Name Scaled Image Plot Range MDS Color
Car 1-200 Red
Bicycle 201-400 Green

Bottle 401-600 Blue

Boat 601-800 Yellow
Dog 801-1000 Magenta

Tv Monitor 1001-1200 Gray
Person 1201-1400 Orange

Cat 1401-1600 Black

As we anticipated, thiKLD measure achieves the top 10 (and even top &L.[2

measures times 20 different experiments)) clasgibo results bumping the original

classification results by over 60%. This measuresdon fact gradually reduce its

accuracy with different parameters and reaching ‘tloeemal’ 20% accuracy for this

dataset.
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Figure 7.17. (a) 3D MDS plot, (b) 2D MDS plot, @aled Image Plot, for the PASCAL2008
Dataset combination ¢fLD A-B (D12) measure with thentropy(P1) image parameter

While the PASCAL2008 dataset seems to have ledyirmgitimages, we still
observe the same behavior of dissimilarity betwa#tnimages and just a few very
different ones according to the measure (the asjli@his explains the single cluster on
figure 7.17 (a) and (b), similar behavior than ba INDECS and PASCAL2006 datasets.
This results again in high classification resutis the combinations of th€LD measure
and most image parameters. This again validatesdhd to analyze these relationships
(in the dissimilarity evaluation module of our framork) and find these peculiar cases

when seemingly bad image parameters perform wetlddain datasets.
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CHAPTER 8

DIMENSIONALITY REDUCTION

Introduction

Dimensionality reduction methods have been shownptoduce accurate
representations of high dimensional data in a logerensional space. Applications of
some of these methods have already been succgssipllemented in image retrieval
applications in other domains [139, 140, 141, 1223]. With the need for greatly
reducing data storage and processing costs in ninthis work we investigate four
linear and four non-linear dimensionality reductimethods with eight different numbers
of dimensions as parameters for each, in orderésgmt a comparative analysis. This
will help us determine which method is optimal four specific dataset and what
percentage of dimensionality reduction we can aghte alleviate our search, retrieval,
and storage costs.

The novelty of our work is to help determine whidimensionality reduction
methods produce the best and most consistent seanlt with which classifiers, on
specific image parameters selected for solar dBize to domain-specific results,
reported by multiple-researchers working on dimemsiity reduction in the past [139,
140, 141, 142, 143], we believe our results willdiso of special interest to researchers
from the field of medical image analysis, as thesages seem to be the closest to our
dataset. We also identify some interesting comimnat of dimensionality reduction

methods and classifiers that behave differentlpsxthe presented datasets. Based on
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our literature review, we decided to utilize foulfferent linear and four non-linear
dimensionality reduction methods. Based on previaasks [140, 143, 144] linear
dimensionality reduction methods have proved tdgper better than non-linear methods
in most artificial datasets and some natural dédasewever all these results have been
domain dependent. Classical methods like Princdmmhponent Analysis (PCA) [16] and
Singular Value Decompositions (SVD) [145] are widesed as benchmarks to provide a
comparison versus the newer non-linear methods. sélected our eight different
methods based on their popularity in the literattlie availability of a mapping function
or methods to map new unseen data points into tee dimensional space,
computational expense, and the particular progertie some methods such as the
preservation of local properties between the daththe types of distances between the

data points (Euclidean versus geodesic).

Linear Dimensionality Reduction Methods

In the following definitions of the dimensionalitgduction methods, our feature
vector becomes therby-n matrix M, wherem indicates the number of images (1,600)

andn indicates the number of dimensions of our feateator (640).

Principal Component Analysis (PCA) [16]

PCA is defined as an orthogonal linear transforamathat transforms data into an
artificial space such that the greatest variancarby projection of the data comes to lie
on the first principal component, and so on.

For a data matrix, M where each row represents a different observatiothe
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dataset, and each column contains the variable® @A transformation is given by:
Y'=M'U=V ' 8.1)

Where the matrix is anm-by-n diagonal matrix with nonnegative real numbers
on the diagonal andJ V' is the singular value decomposition M. The low-
dimensional representatiogsof the m data points in the low-dimensional spacare

computed by multiplying th matrix by the resultiny matrix.

Singular Value Decomposition (SVD) [145]

Singular Value Decomposition is defined for amby-n matrix M as the

factorization of the form

M=U V' (8.2)

WhereU is anm-by-m unitary matrix, the matrix is m-by-n diagonal matrix
with nonnegative real numbers on the diagonal, \dndenotes the conjugate transpose of
V, an n-by-n unitary matrix. Normally, the diagonal entrieg; are ordered in a
descending way. The columns ¥®f form a set of orthonormal input basis vector
directions for M. (The eigenvectors oM'M.) The columns ofU form a set of
orthonormal output basis vector directions Kr (The eigenvectors diM" ). The low-
dimensional representatiogsof the m data points in the low-dimensional spacare
computed by multiplying th matrix by the resultiny matrix.

The main difference from a practical point of vidwetween PCA and SVD is that
SVD is directly applied to am-by-n matrix (i.e.m-by-n long feature vectors), while in

PCA, SVD is applied to a covariance matrix-ljy-m). This results with the starting
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matrix being different for each case.

Factor Analysis (FA) [146]

FA is a statistical method used to describe vditgl@among observed variables in
terms of a potentially lower number of unobserveatiables called factors. The
information gained about the interdependencies &&tvwobserved variables is used later
to reduce the set of variables in a dataset, actgelimensionality reduction.

To perform FA we compute the maximum likelihoodireste of the factor

loadings matrix in the factor analysis model
M=n+Lf+e (8.3)

Where M is the mby-n data matrix, is a constant vector of means,is a
constantmby-n matrix of factor loadingdf, is a vector of independent and standardized
common factors, and is a vector of independent specific factdvs. , ande are of
lengthm andf is of lengthn. The low-dimensional representation®f them data points
in the low-dimensional spac¥ are computed by using a combination foand the

independent factors

Locality Preserving Projections (LPP) [147]

LPP generates linear projective maps by solvingaaational problem that
optimally preserves the neighborhood structure oflataset. These projections are
obtained by embedding the optimal linear approxiomst to the eigenfunctions of the
Laplace Beltrami operator on the manifold. The hesy mapping corresponds to the

following eigenvalue problem:
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MLM "w=/MDX"w 6.4

WhereL is the Laplacian matrix, (i.& — § whereS corresponds to the similarity
values defined, and is a column matrix which reflects how importantrtae
projections are). LPP is defined everywhere inahmient space, not only on the training
data points like Isomaps and LLE. The low-dimenalaepresentationg of them data

points in the low-dimensional spa¥eare computed by: yi=A'm , whereA = (wo, Wi,

,V\ﬁ.l).

Non-Linear Dimensionality Reduction Methods

Isomap [148]

Isomap preserves pair-wise geodesic distances bptdata points. The geodesic
distances between the data poigtef M are calculated by constructing a neighborhood
graph G, in which every data poixtis connected with itk nearest neighbor’s; in the
datasetM. The low-dimensional representatiopsof the data point's in the low-
dimensional spac¥ are computed by applying multidimensional sca(iMdpS) [125] on

the resultingn-by-m geodesic adjacency matrix.

Kernel PCA [149]

Kernel PCA computes the principal eigenvectorshefkernel matrix, rather than
those of the covariance matrix. The reformulatioh RCA in kernel space is
straightforward, since a kernel matrix is similarthe inner-product of the data points in
the high dimensional space that is constructedgusia kernel function

Kernel PCA computes the kernel matkbof the data-pointg;. The entries in the
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kernel matrix are defined by

ki; = (%,X) (8.5)

Wherek;; is a kernel function. Then the kernel makixs centered by subtracting
the mean of the features in traditional PCA.

To obtain the low-dimensional data representatibe,data is projected onto the
eigenvectors of the covariance matrix The entries ofY, the low dimensional

representation are given by:

n n
— j ]
y, = aj;K(x;, % )sen  @gk(X;,%) (8.6)
=1 j=1
Where { indicates théth value in the vector; andk is the kernel function used
in the computation of the kernel matrix. Since K#rRCA is a kernel-based method, the

mapping performed by Kernel PCA relies on the chatthe kernel functiok. For this

work we utilized a Gaussian kernel.

Laplacian Eigenmaps (Laplacian) [17]

Laplacian Eigenmaps is another method that preseheslocal properties of the
manifold to produce a low-dimensional data repregem. These local properties are
based on the pair-wise distances betweraarest neighbors. Laplacian computes a low-
dimensional representation of the data minimizing distances between a data point and
its k nearest neighbors.

The Laplacian Eigenmaps algorithm first constructseighborhood grap@ in
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which every data poir§ is connected to itk nearest neighbors. The weights of the edges
on the connected data points of G are computedyusiea Gaussian kernel function,
resulting in an adjacency matri¥. The computation of the degree matkk and the
graph Laplaciah. of the graphV allows for the formulation of the minimization fmem
as an eigenproblem. The low-dimensional representat can be found by solving the

generalized eigenvalue problem:

Lv=/Mv (8.7)

For the d smallest nonzero eigenvalues, whetes the number of desired
dimensions forY. The d eigenvectorsv; corresponding to the smallest nonzero
eigenvalues form the low-dimensional representatdén The d eigenvectorsy,
corresponding to the smallest nonzero eigenvaluesn fthe low-dimensional

representatiolY (e.gy; = (va(i),...,w())

Locally-Linear Embedding (LLE) [150]

Similarly to Isomap, LLE constructs a graph repn¢égton of the data points and
attempts to preserve the local properties of tha dbowing for successful embedding of
non-convex manifolds. In LLE, the local propertegghe data are constructed by writing
the local properties of the manifold around a qaisnt x; by writing the data point as a
linear combinationM of its k nearest neighbors;, by fitting a hyperplane through the
data pointg and its nearest neighbors assuming that the nidngdocally linear. If the
low-dimensional data representation preserves dhal lgeometry of the manifold, the
reconstruction weight®V that reconstruct data poirt from its neighbors in the high-

dimensional representation also reconstruct daat gofrom its neighbors in the low-
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dimensional representation. Therefore finding thdimensional data representatiyn

depends on minimizing the cost function:
fF(Y)= _ (y; - ' Wi Y )? (8.8)

Wherey; is a data point in the low dimensional represémtatnd w; is a

reconstruction weight.

Dimensionality Thresholding

Thresholding via PCA and SVD variance percentage

For ‘optimal’ dimensional estimation we used thenter of dimensions returned
by standard PCA and SVDs, setting up a variancskuld between 96 and 99% of the
variance. Table 8.1 presents these numbers of diorenfor all three datasets utilized.

Table 8.1. Number of dimensions selected for eathsit

Datasets tested PCA Variance SVD Variance
96% | 97% | 98% | 99% | 96% | 97% | 98% | 99%
Solar 42 46 51 58| 58 74 99 143
INDECS 94 106 121 143 215 239 270 319

ImageCLEFmed05| 79 89 103 126/ 193 218 253 307
ImageCLEFmed07| 76 87 102 126 192 217 251 304
Pascal2006 77 85 96 114 100 111 125 147
Pascal2008 115 127 141 1e6qQ 212 239 275 331

Experiment Label 1 2 3 4 5 6 7 8

For our purposes, we think that the number of dsmars for our Solar dataset
are safely determined by PCA and SVD with a vagabetween 96% and 99%. We
managed to approach both sides of the peak inifotasi®n accuracy in most cases,
indicating that PCA approaches the peak (highestiracy) from the left side (low to

high) and SVD behaves the opposite way. The contglex estimating dimensions this
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way in a much larger dataset might render thesetéebniques highly expensive since
they rely on the calculation of eigenvectors, blugyt seem to be accurate enough

compared to running experiments for all possiblebers of dimensions.

Mapping Functions

Since we are planning on applying the best dimeadity reduction method on
new data we will be receiving for the next five seave decided to simulate this scenario
with our benchmark dataset.

In our experiments we performed the dimensionakuction methods on 67%
of our data and then map ‘new’ data points (theaiaing 33% of our data) into the
resulting low-dimensional representation that eaamensionality reduction method
produces. We then feed these dimensionally redde&s points respectively as training
and test sets to our classification algorithms.

For linear dimensionality reduction methods, theppiag of new data points is
very straightforward since, for example, for PCAl&WVD you only have to multiply the
new data points by the linear mapping ma¥ix

As for non-linear dimensionality reduction methottse mapping of new data
points is not straightforward and different tecludg have been proposed. For Kernel
PCA it is somewhat similar to the original PCA, befjuires some additional kernel
function computations as presented in [151]. Fomiaps, LLE, and LE, kernel methods
have been presented in [152]. Alternative approatiave been presented in [153, 154,

155, 156, 157, 158]
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We employed these techniques in order to map tin@ireng 33% of the data on
to the resulting new low-dimensional spaces; mingyrin a way, how we will be
mapping the new solar data we receive after wendedur mapping functions. By our
comparative analysis using classifiers, we are alde to determine the quality of these

mappings.

Evaluation Results

For our evaluation results we utilized the defaelttings for all classifiers since
we are performing a comparative analysis and ndallaoptimization analysis. We
selected 67% of our data as the training set aridreseen’ 33% test set.

Six out of the eight (FA, KernelPCA, Isomap, LLEELLPP) dimensionality
reduction methods were investigated using the Maffaol box for dimensionality
reduction [159]. For the remaining two, PCA and SW utilized the standard Matlab
functions. For the non-linear methods that utilie@ghborhood graphs we used between

6 and 12 as the number of nearest neighbors, aseémied the best results.
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Figure 8.1. Classification accuracy of all dimemsility reduction methods for eight sets of target
dimensions for each of the eight dimensionalityuattbn methods, NB stands for Naive Bayes,
SVM is Support Vector machines. For exact dimeralion of the new dimensional space for
each dataset, refer to table 8.1. Experiments t&ed the data for training and 33% for testing.



132

Fig. 8.1 shows classification accuracy of our thsedected classifiers on the
original non-reduced data sets and the 64 dimeabjoreduced experiments (from table
8.1, it can be seen that we investigated eight aletarget dimensions for each of the
eight dimensionality reduction methods). This fgresents the original data in the first
row, then the four linear dimensionality reductimethods (PCA, SVD, FA, LPP) and
four non-linear ones (Isomap, KernelPCA, LapaciabE), each with their respected
eight targeted number of dimensions.

The first observation we can make is that our impgemeters produced very
bad results (less than 40% accuracy) for all nodica¢ and non-solar datasets
(INDECS, PASCAL 2006 and 2008) that contain imagesy different from our own
dataset (Solar). However, they produce very gomllt® (between 70% and 90%
accuracy) on our solar dataset and the others dbatain images similar to ours
(ImageCLEFMed 2005 and 2007). This clearly showat thsing the right image
parameters for a specific type of image is veryartgmnt. We also observe that SVMs
produced most of the highest classification pewged for our solar dataset and the
ImageCLEFMed datasets.

In terms of the best dimensionality reduction mdghtor our solar dataset, we observe
that LPP-8, PCA-8, and Laplacian-8 achieve the besilts for the solar dataset with
over 90% classification accuracy. These methods shoonstant improvement with the
additional dimensions as the experiments progredsaee will latter show that the actual
peaks for this methods are achieved in experimemtber 8, regardless of the number of

additional dimensions added leading up to the oailgb40 dimensions.
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With regards to the best performing classificatedgorithm, figure 8.1 shows that
SVM’s achieve all the 90% (and higher) classifioatiaccuracy values, constantly
performing better than NB and C4.5 by a factor @ ® 10%, except for the Isomap
experiments on the solar dataset. In terms of tbetrstable dimensionality reduction
methods, we found that LPP and Laplacian for akehclassifiers behave very nicely as
we can see in figure 8.1. From this observatiorcaredetermine that the best performing
linear dimensionality reduction method for our sdlataset is LPP, and the best non-
linear method is the Laplacian Eigenmaps (Laplgcian

When compared against the Medical datasets (Image®led05 and
ImageCLEFMed07) we have that for most cases thienpeance of the combinations of
classification algorithms and dimensionality redwct methods are very consistent,
featuring the same dramatic drops for the FA expents 1-8 and KernelPCA
experiments 6-8. As a side product of our evalmatiwe have that ImageCLEFMed07
produced the best overall results with classifaraaccuracy values of up to 95%.

When it comes to the worst performing datasets, clearly see that the image
parameters selected for our solar image data asays poor parameter choices for the
PASCAL2006, PASCAL2008 and INDECS datasets, ansl taflects on classification
accuracy values lower than 40% at best. While rabgheir performance with the linear
dimensionality methods is very stable for the mgjorof the -classifier/method
combinations, this is a very un-useful result sitieese classification accuracy numbers

are very poor.
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An interesting observation we made was that sonmbamations of classifiers
and dimensionality reduction methods (e.g. Laplacaad C4.5) actually produced
slightly better results than our original non-regdalataset. We also see that a few of
these combinations produced very bad results (84dsFactor Analysis) and that others
dramatically drop in accuracy (KernelPCA for alassifiers after a certain number of
dimensions). Figures 8.2 through 8.4 demonstraethviously mentioned behaviors of
our solar dataset. We present detailed classificasiccuracy results by performing a
brute force analysis where we applied the dimeradignreduction methods with target

dimensions from 1 through 639 dimensions.
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Figure 8.2. Classification accuracy for all Facdmalysis dimensions for the solar
dataset. Experiments use 67% of the data for trgiand 33% for testing

As shown in figure 8.2, the tree based classifierfggms very poorly with the
Factor Analysis (FA) generated space by making ey splitting decisions. Since C4.5

is a greedy algorithm (it never re-evaluates itsiah of attributes) it results in the
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accuracy dropping to 12%, which is equal to a ramdabel assignment since we have
100% over eight classes. We can conclude that stawehers are using FA for

dimensionality reduction, it might be a good ideastay away from decision tree based

classifiers.
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Figure 8.3. Classification accuracy for all Kern@é°dimensions for the solar dataset.
Experiments use 67% of the data for training arfd 3& testing

After looking at the drops in figure 8.1, KernelPGAowed the most dramatic
decrease in accuracy for a higher number of dino@ssiexperiments 6 to 8). In figure 6,
we clearly show this behavior. After a certain nembf dimensions, the classification
accuracy drops by almost 60% on average. This 1@&aracy is again equivalent to
random labeling. We attribute this drop to the ifiarted space by Kernel PCA. In a low
number of dimensions this method achieves very geptesentation of our original data
space, however, when more dimensions are usednéiieod just produces more noise

for the classifiers and damages their performanmesiderably. Being a non-linear
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method, it is surprising that NB almost achieve%o8iccuracy for very few components
and that it is also the first classifier to achiéow classification accuracy numbers. We
think that this is due to the simple NB model béamef by the reduced dimensional
space. When the dimensionality of our space stadasing in size, the classifier's
accuracy quickly starts dropping. C4.5 takes thegést to hit bottom, showing more
resistance to the added noise from the extra dilmensSVM peaks very quickly with

around 60 dimensions and resists the added noisa it longer than NB, but it also

drops after 200 dimensions.
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Figure 8.4. Classification accuracy for all Lap&atdimensions for the solar dataset.
Experiments use 67% of the data for training arfb 3& testing

Laplacian Eigenmaps (Laplacian) offer the mostlstadsults we have seen when
applied to our Solar dataset. For all classifigns tdimensionality reduction method
provides over 80% accuracy and for SVMs it staysr @0% for the majority of fig. 8.4.

The difference between the accuracy of each methazh average, less than 10%. This



137
supports the claim of how stable this data reptasien is. More dimensions, on average,
enable an increase in accuracy (especially for NEIX after a certain threshold (140
components) the gain is minimal and not worth tkraecomputational expense and
storage costs.

As we have mentioned, in this chapter we are foguson achieving
dimensionality reduction in order to reduce storagsts. So if we have to sacrifice less
than 3% in accuracy (especially at the 90% leval)nmhore than 30% in storage, we are
willing to take the hit. Interestingly enough, tkree based classifier for this method
quickly increases accuracy with very low numbedwmhensions. This makes us believe
that the Lapacian method is the best for discogdow-dimensional data-spaces when it
comes to solar data. This also goes to show thatvery important to analyze how each
classifier/dimensionality reduction method behavssfore going on and applying
whatever you think is the best to your dataset.

As we can see from the upper half of fig. 8.1, lthear methods performed very
predictably in terms of stability when the numbéicomponents increased. We can say
that SVM is the most stable and best performingsifecation method we utilized. Most
of the non-linear dimensionality methods allow tkkassifiers to perform more
consistently between them (bottom half of fig. 8.Even when doing badly, the
classifier's accuracy stays, on average, within Iff%ach other. This better suits these
dimensional spaces for classification (on aver#g@) the linear ones. We also show that
our way of selecting the number of components pleviresults on both sides of the

fence for non-linear methods.
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Out of all of the non-linear dimensionality redwctimethods presented in figure
8.1, Laplacian and LLE are the only ones to shomstamt improvement when compared
to linear methods. We theorize that since Lapla@esserves the properties of small
neighborhoods around the data points; our benchaatdset is benefited since many of
our data points are highly correlated to each offleis allows Laplacian to preserve their
local properties better. We find this very intemggtconsidering that other works have
shown that local dimensionality reduction techngiee. Laplacian, LLE), suffer from
the intrinsic high dimensionality of the data [282] and these types of methods perform
poorly on certain datasets.

In general, as we have seen from our experimerdsodimer works [144], the
applicability of dimensionality reduction methodsviery dependent on the dataset used.
For our purposes, we think that the number of dsrars for our Solar dataset are safely
determined by PCA and SVD with a variance betwe6% %nd 99%, and that we
manage to approach both sides of the peak in fitzgBn accuracy in most cases,
indicating that PCA approached the peak (highestiracy) from the left side (low to
high) and SVD behaves the opposite way. The contglex estimating dimensions this
way in a much larger dataset might render thesetéebniques highly expensive since
they rely on the calculation of Eigen vectors, thady seem to be accurate enough when

compared to running experiments for all possiblebers of dimensions.
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Figure 8.5. Average classification accuracy per peinof targeted dimensions for the
solar dataset. Experiments use 67% of the dataciming and 33% for testing

As a general conclusion for our solar datasetctialg anywhere between 42 and
74 dimensions provided very stable results fordataset with all the methods presented
in this paper (see figure 8.5). We conclude thabfo current benchmark dataset we will
be able to reduce our dimensionality around 90%nfithie originally proposed 640
dimensions. Considering that for the SDO missionwik have to store around 5.27
Gigabytes of data per day and 10,240 dimensioA9%& reduction would imply savings
of up to 4.74 Gigabytes per day. In table 8.2 wensthe top ten classification results for
the experiments on our solar dataset. From this tab will select the PCA 6 experiment
to show the Precision, Recall, F-Measures and R@€es for the SVM classification

experiment.
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Table 8.2. Top 10 Classification Results for odasdataset for all three classifiers

Classifier NB C45 SVM

Top1l | ORGINAL 83.86% | Laplacian 6 88.56400ORIGINAL | 92.12%

Top2 |PCAT 83.49%| Laplacian 3 87.43p4PP 8 91.74%
Top3 |PCAS8 82.18%| Laplacian 7 87.43pPCA 8 91.18%
Top4 |PCAG 81.99%| Laplacian 4 87.05pkaplacian 8| 90.99%
Top5 |SVD3 81.99%| Laplacian 5 87.05¢°CA 7 90.81%
Top 6 | KernelPCA4 | 81.809% Laplacian?2 86.871%PP 7 90.43%
Top7 |KernelPCAS5 | 81.80%9 Laplacian 1 86.3(kaplacian 7| 90.06%
Top8 |PCA4 81.61%| Laplacian 8 85.74pVD 8 89.49%
Top9 |PCAS 81.61%| ORIGINAL | 84.99% SVD 7 89.31%
Top 10 | SVD 2 81.61%| SVD1 84.43%PCA 6 89.12%

We selected PCA 6 due to the fact that this expamtnonly loses 3% of

classification accuracy and achieves an 87% direasty reduction (PCA 6 has 74

dimensions out of 640). The rest of the experimeats easily be reproduced from the

files available at [122], and all of the measuras be calculated from them.

Table 8.3. Precision comparison between the SViiral and the PCA 6 experiments

on the solar dataset

Class \ Classifier | SVM Original| SVM PCA 6 | Improvement
Active Region 0.9650 0.9850 0.0200
Coronal Jet 0.6364 0.8450 0.2086
Emerging flux 0.9643 0.9850 0.0207
Filament 0.7196 0.8380 0.1184
Filament Activation 0.7486 0.9520 0.2034
Filament Eruption 0.5556 0.9400 0.3844
Flare 0.6788 0.7390 0.0602
Oscillation 0.7302 0.8590 0.1288
Average 0.7498 0.8929 0.1431
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Table 8.4. Recall comparison between the SVM oaigamd the PCA 6 experiments on
the solar dataset

Class \ Classifier | SVM Original| SVM PCA 6 | Improvement
Active Region 0.9650 0.9850 0.0200
Coronal Jet 0.7000 0.8960 0.1960
Emerging flux 0.9450 0.9700 0.0250
Filament 0.7700 0.8510 0.0810
Filament Activation 0.6550 0.8940 0.2390
Filament Eruption 0.6750 0.9400 0.2650
Flare 0.4650 0.7730 0.3080
Oscillation 0.7850 0.8210 0.0360
Average 0.7450 0.8913 0.1463

Table 8.5. F-Measure comparison between the SV§Irai and the PCA 6 experiments
on the solar dataset

Class \ Classifier | SVM Original| SVM PCA 6 | Improvement
Active Region 0.9650 0.9850 0.0200
Coronal Jet 0.6667 0.8700 0.2033
Emerging flux 0.9545 0.9770 0.0225
Filament 0.7440 0.8440 0.1000
Filament Activation 0.6987 0.9220 0.2233
Filament Eruption 0.6095 0.9400 0.3305
Flare 0.5519 0.7560 0.2041
Oscillation 0.7566 0.8400 0.0834
Average 0.7434 0.8918 0.1484
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Figure 8.6. PCA 6 experiment SVM ROC Curves for8haasses of the solar dataset.
Experiments use 67% of the data for training arfb 3& testing

For researchers in other fields (i.e. medical insagatural scenes), we present the
top 10 classification results for the INDECS, Im@g&FMEDO5 and 07, PASCAL 2006
and 2008 datasets in the next few tables. The WEI€s needed to recreate these results

and calculate the other measures (recall, pregisto) can be found at [122]
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Table 8.6. Top 10 classification results for theg@CLEFMEDO5 dataset for all three classifiers

Classifier NB C45 SVM

Topl |LLES 80.86% | Laplacian 3| 77.49% PCA1 88.74%
Top2 |LLEG6 80.86% | Laplacian1| 76.74% SVD 4 88.74%
Top3 |LLE7 80.86% | Laplacian 2| 76.74% SVD5 88.74%
Top4 |LLES 79.92% | Laplacian 4| 75.61% KernelPCA 88.74%
Top5 |LLES3 79.36% | Laplacian5| 72.61% KernelPCA 8.74%
Top6 |LLEA4 78.61% | Laplacian 8 72.059% PCA?2 88.56%
Top7 |LLE?Z2 78.05% | Laplacian 6| 71.11% ORIGINAL 88.56%
Top 8 | Laplacian 1 77.86%| LaplacianT 71.11% PCA4 88.37%
Top 9 | Laplacian 3 77.30%| LLE?2 71.11% SVD6 88.37%
Top 10 | Laplacian 2 77.11%| LLEG 71.11% KernelPCA 88.37%

Table 8.7. Top 10 classification results

for thayy@CLEFMEDOQ7 dataset for all three classifiers

Classifier NB C45 SVM

Topl |LLES 89.68% | LLE 2 88.37% SVD7 94.00%
Top2 |LLEG 89.68% | Laplacian 1 87.62% SVD 2 93.62%
Top3 |LLE7 89.68% | Laplacian 2 87.43% SVD 6 93.62%
Top4 |LLES 89.31% | Laplacian 3 87.43% LLE 2 93.62%
Top 5 | Laplacian 3 89.12%| LLE1 87.0590 LLES 93.62%
Top6 |SVD?2 88.74% | LLE 4 86.87% PCA1l 93.43%
Top7 |LLE4 88.74% | LLE 3 86.68% SVD 3 93.43%
Top 8 | Laplacian 1 88.56%| Laplacian 4 86.30% SVD § 93.43%
Top 9 | Laplacian 2 88.56%| Laplacian 5 86.30% FA?2 93.43%
Top 10 | Laplacian 4 88.56%| Laplacian 6 86.30% FAS8 93.43%

Table 8.8. Top 10 classification results for th®BCS dataset for alhree classifiers

Classifier NB C45 SVM
Topl | ORGINAL 30.96% | LLES 32.08% ORGINAL | 37.71%
Top2 |PCAG6 29.08%| LLE®G 32.08%oLaplacian 2 | 35.08%
Top3 |PCAS 28.89% | ORGINAL 30.58%LLE 6 34.52%
Top4 |PCAT 28.52% | LLE 4 30.39%LLE 5 33.96%
Top5 |PCAS8 27.02%| LLE7 29.83%LLE 8 33.96%
Top6 |LLES 27.02% | Laplacian 2 29.27Y4 LE 2 33.40%
Top 7 | Laplacian 2 26.83%| SVD 3 28.89PALE 4 33.40%
Top8 |LLE7Y 26.83% | KernelPCA 2| 28.71%d aplacian4 | 33.21%
Top9 |LLES 26.45% | LLE 8 28.71% SVD 8 32.83%
Top 10 | SVD 8 26.08% | LLE 3 28.33%LLE 1 32.08%
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Table 8.9. Top 10 classification results for theIZML2006 dataset for all three classifiers

Classifier NB C45 SVM
Topl |LPPS8 18.39% Isomap 1 18.20% Isomap P 21.95%
Top2 |LPP5S 18.01% Isomap 2 17.82% Isomap B 21.39%
Top3 |LPP4 17.82% Isomap 7 16.70% Isomap p 21.20%
Top4 |LPPG 17.82% Isomap § 16.70% Isomap b 21.20%
Top5 |[Isomap 2 17.82% Isomap 3 15.01% Isomap|7 21.20%
Top 6 |Isomap 8 17.82% Isomap 6 15.01% Isomap|8 20.83%
Top7 |LLES 17.64% Isomap 5 14.82% LPP5 20.64%
Top8 |LPP3 17.45% Isomap 4 14.45% Isomap @ 20.64%
Top9 |LLEZ2 17.45% | LLE 1 14.26%| LPP 2 19.70%
Top 10 | Isomap 7 17.26% LPP 6 14.07% Isomap [l 19.70%
Table 8.10. Top 10 classification results for tA&SEAL2006 dataset for all three classifiers
Classifier NB C45 SVM
Topl |FAZ2 25.52% Isomap 4 18.57% FA3 26.27%
Top2 |SVD3 24.95% SVD 5 18.20% FAG6 26.08%
Top3 |FAS8 24.95% SVD 3 18.01% SVD2 25.70%
Top4 |SVDS8 24.58% Isomap 6 17820 SVD 3 25.70%
Top5 |FA7 24.58% Laplacian 8] 17.64% FA7 25.70%
Top6 |SVD5 24.20% SVD 8 17.07% FAS8 25.70%
Top7 |FAG 24.20% Laplacian1] 17.07¢%6 ORGINAL 25.52%
Top8 |SVvD4 24.02% SVD 6 16.89% FA4 25.33%
Top9 |SVD7 24.02% Laplacian 3] 16.70% SVD5 24.95%
Top 10 | SVD 2 23.45% SVD 1 16.51% FA1 24.77%




145

CHAPTER 9

INDEXING AND RETRIEVAL

Introduction

Once we have carefully selected our image paramedad determined the
amount of dimensionality reduction we can achieve;now need to find an underlying
indexing mechanism that will allow us to efficignitore and query our image parameter
feature vectors. While this might sound like ai#di task, it is actually one of the most
difficult steps in the process of building a CBIligs&m. In our framework we included
six different indexing algorithms that have beenlely used by researchers in the fields
of CBIR and database systems. As we have seeriprédvious chapters, there is not a
universal solution for all types of datasets anthprehensive analyses of the indexing
methods are needed. The framework proposed in tissertation allows for
experimentation with several state of the art irdekefore deciding on which one to
implement. We focus the majority of our discuss@m the experimental results from
solar data, for which we have chosen the singleedsional indexing algorithms for
multi-dimensional data as the best fit. This is mhaidue to the fact that our original
feature vector has about 640 dimensions, and wehaile over 10,000 dimensions for
the SDO data. With such dimensionality, we presembe of the first, never published
before, indexing results for this large number iofiehsions.

One of the novel aspects of this work is that e® g@resent the option for the
user to take advantage of the dissimilarity measarmeponent in the indexing and query

aspect of their CBIR system. With a domain-speqiieference for different measures
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when it comes to indexing, such as: GIS systemseuséidean-based measures, text-
based systems use cosine-based measures, colog@pity use the KLD measure, to
our knowledge, we present the first tool that eesla comparative analysis of indexing
with different dissimilarity measures. With thisuadty, we will present very interesting
results that will showcase how some different didigirity measures perform in our solar
dataset and the remaining five experimental dataset analyzed. We will also take
advantage of our dimensionality reduction analpsesented in chapter eight and we will
take a look at the best performing dimensionalé@giuction methods in the context of
indexing and retrieval.

We start the discussion of this chapter with &fbdescription of the indexing
algorithms utilized in our framework, and we com#uwith an extensive discussion
about our experimental results for all datasetp@sed in chapter 3. We make a clear
separation between multi-dimensional indexing atgors that index data points in true
n-dimensional spaces, versus single-dimensional xinde algorithms for high-
dimensional data that map high-dimensional datatpan different ways to be able to

index them using single-dimensional indexing suiues.

Multi-Dimensional Indexing

In this section we present four of the most commanilized Multi-Dimensional
Indexing algorithms. These algorithms offer gredvamtages for 2 and 3 dimensional
objects but tend to get very inaccurate and contipuily expensive to search through

as the dimensionality increases [30, 160].
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R-trees [47]

R-trees are indexing data structures that are ainl B-trees, but are used for
indexing multi-dimensional information in GIS syste R-trees split space with
hierarchically nested, Minimum Bounding Rectang|B#BRs). Overlappings between
regions in different branches is allowed, but tb&ases the search performance to
deteriorate, which is a problem that becomes muideat as the number of dimensions
increases [161]. The region description of an M&Rnprises, for each dimension, a
lower and an upper bound. Thus, 2D floating poaltigs are required. An example of an

R-tree is presented in figure 9.1.

Figure 9.1. 2D R-tree example showing the MBR'’s t&ir tree organization, adapted
from [162]. Dotted lines indicate nodes in the ta@el solid lines represent the MBR'’s of
actual data objects that have references to thaoeglin tree’s leaves

Due to this overlapping problem, several improvetsa@ver the original R-tree

algorithm have been proposed in order to addressetiperformance issues. We will
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discuss two of these improvements (R+-trees andré¥s) and their advantages in the

next two sections (9.2.2 and 9.2.3).

R+-trees [163]

Generally speaking, the R+-tree [163] is an oveftap variant of the R-tree. In
order to guarantee no overlap, the splitting atpari is modified by a forced-split
strategy. In this strategy, the child pages, wtdnd an obstacle in overlap-free splitting
of some pages, are simply cut into two piecesardcular position. This might require
that these forced splits must be propagated doviih the data page level is reached,
allowing the number of pages to exponentially iasee from level to level. This
extension of the child pages is not much smallen tthe extension of the parent page if
the dimensions in the data are sufficiently high.

By allowing many forced split operations, the pagiséch are subject to a forced
split, are split, resulting in a page utilizatiohless than 50%. The more forced splits

required, the more the storage utilization of tbmplete index will deteriorate.

R*-tree [48

The R*-tree [48] algorithm attempts to reduce batbverage and overlap
problems by using a combination of a revised nqul# algorithm and the concept of
forced re-insertion at node overflow. Based ondhservation that R-tree structures are
highly susceptible to the order in which their esdgrare inserted, an insertion-built
structure is not likely to be optimal. The delet@amd re-insertion of entries allows them

to locate a position in the tree that may be m@téx@al than their original location.
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When a node overflows, a portion of its entriesraraoved from the node and re-
inserted into the tree. To avoid an indefinite ealscof reinsertions caused by subsequent
node overflow, the reinsertion routine may be chbb@ly once in each level of the tree
when inserting any new entry. This produces mor#-elestered groups of entries in
nodes and reduces the node coverage. Actual nditkease often postponed, causing the
average node occupancy to rise. Re-insertion caede as a method of incremental tree
optimization triggered on node overflow. This pies a significant improvement over

previous R-tree variants, but the overhead comeause of the reinsertion method.

kd-tree [49]

The kd-tree, being a special case of BSP (Binargc8pPartition) trees, it
organizes points in B-dimensional space in a binary tree in which evaerge is ak-
dimensional point. Every non-leaf node is determibg implicitly generating a splitting
hyper-plane that divides the space into two sulespathe points found to the left of this
hyper-plane generate the left sub-tree of that ramdkthe points right of the hyper-plane
generate the right sub-tree. In order to deterntieedirection of the hyper-plane, we
have that every node in the tree is associated anth of thek-dimensions which are
associated with the hyper-plane perpendicular & dimension's axis. This determines
that the hyper-plane is directed by the value af paint. In other words, if we select a
split on they-axis, all points with smalley values go to the left sub-tree and equally all
points with largery values go to the right sub-tree. This resultshim hyper-plane being

set by thisy-value. An example of a two-Dimensional kd-tregiigen in figure 9.2.
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Figure 9.2. 2-D kd-tree example showing the parigiin red and blue, taken from [164]
There are many different ways to choose the axgsadl splitting hyper-planes,
however, the standard method for constructing &dgrhas the following constraints:
When moving down the tree, cycling through the atsesequired in order to
select the splitting planes.
The data points are inserted choosing the mediaheopoints being inserted in
the sub-tree, while taking into consideration thedordinates in the axis being
used to create the splitting hyper-plane.
These two constraints allow the generation of ar@d kd-tree, in which each
leaf node is about the same distance from themode. The major draw-back from kd-

trees is that they are not well suited for effitieearest neighbor querying in higher
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dimensional spaces (over 4 dimensions). Theretbdr performance quite similar to
performing an exhaustive search [165].

Empirical analyses [161, 166] show that R-treesitiees, and R*-trees, and even
kd-trees [165] do not perform well when indexinghmdimensional data sets (i.e. more
than four dimensions). The main problem with R-fbesed indexes is that the overlap of
the bounding boxes in the directory increases gyittwing dimension, quickly creating
problems when querying in these overlapping boundioxes. We will find that this as
one of the reasons to not test them using our é#@+tkional solar feature vector and as

motivation for using the indexing algorithms debed in the next section.

Single-Dimensional Indexing for Multi-Dimensionahi

Due to the nature of these ‘low’ high-dimensionadexing algorithms,
researchers worked on creating new indexing algostthat would accommodate higher
dimensions and would allow the efficient indexingreal high-dimensional spaces in
creative ways and utilize an underlying B+-treeuctire in order to achieve great
efficiency in terms of storage and computationapemse. Before we continue our
discussion, we will define what B+trees are and wigy are so useful.

B+ Trees are indexing structures that represenédatata allowing for efficient
insertion, retrieval and deletion of records, eabmtified by a key. The B+ Tree is
dynamic and multilevel, having maximum and minimbounds on the number of keys

in each index segment. In contrast to a B-treggalbrds are stored at the leaf level of the
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tree and only keys are stored in interior nodes mhtion of the B+ Trees was first
brought up by Corner [167], as an interesting adgve for B Trees.
Due to the popularity and efficiency of B+ Tredsgyt have been implemented in
many relational database management systems fla tatbexes, such as: IBM DB2,

Informix, Microsoft SQL Server, Oracle 8, PostgraS®ySQL and SQLite.

Figure 9.3B+ tree example, the tree links he keys 1-7 to dakaes d1-d7. The linked
list (red) allows rapid in-order traversal. Imagenh [168]

B+ Trees have been mainly utilized to index oneatisional data; however,
many of the high-dimensional indexing techniquesplem B+ Trees after they have
broken down the dimensionality of the dataset sggments that can be indexed by a B+

Tree [50, 52, 168, 170, 171, 240].

iDistance [50, 52]

iDistance is an indexing and query processing tiecienfor k-nearest neighbor
(KNN) queries on data points in multi-dimensionaétnt spaces. The algorithm is
designed to process kNN queries in high-dimensispdces efficiently and it is

especially good for skewed data distributions, Wwhisually occurs in real-life data sets.

In order to build the iDistance index, there are steps involved:
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A certain number of reference points in the origjidata space are chosen by
using cluster centers as reference points [50, 52].
The distance between a data point and its clogdstence point is calculated
(using the Euclidean distance in the original impdatation), and this distance

plus a scaling value is then called the iDistance.

Figure 9.4. Mapping of points via iDistance to atae. Figure from [52]

In this way, we observe that points in a multi-disienal space are mapped to
one-dimensional values allowing us to use a B+$tagcture to index these points using
the iDistance as the key.

To process a kNN query, it is first mapped to salvene-dimensional range
gueries that can be processed efficiently on arBe-tA query Q is mapped to a value in
the B+-tree while the KNN search sphere is mappedrange in the B+-tree. The search

sphere expands gradually until the kNN’'s are fowwresponding to gradually
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expanding range searches in the B+-tree. This abDes technique can be viewed as a
way of accelerating the sequential scan since adstef scanning records from the
beginning to the end of the data file, iDistancartstthe scan from places where the
nearest neighbors can be obtained early with alvgty probability.

The authors of iDistance employed the Euclideartadie to calculate the
reference point mappings, in our framework we psapa key addition to this algorithm:
the usage of our dissimilarity evaluation moduldisTallows researchers to try 17
different measures with this algorithm and obsdre® some of their conclusions of the
dissimilarity evaluation of their attributes tras® to the indexing and retrieval side of

things.

Pyramid-trees [240]

Pyramid-trees map ddimensional point into 4-dimensional space and use a
B+-tree to index the one-dimensional space. In fidatrees, queries have to be
translated in a similar fashion, but in the datggsaof the B+-tree, Pyramid-trees stores
both thed-dimensional points and the one-dimensional keys @llows Pyramid Trees to
disregard the inverse transformation, and the eefient step can be performed without
look-ups to another file or structure. This mappisgalled Pyramid-mapping and it’s
based on a partitioning strategy that is optimimgdrange queries on high-dimensional
data. The basic idea of this Pyramid-mapping idivale the data space in a way that the
resulting partitions are shaped like peels of anmrallowing them to be indexed by B+-

trees in a very efficient manner.
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Figure 9.5. Sample breakdown of data points intaupyds. Figure adapted from [240]
Pyramid-trees are one of the only indexing striegumown that are not affected
by the “curse of dimensionality”, meaning that foriform data and range queries, the
performance of Pyramid-trees gets even betterefinoreases the dimensionality, and in

[240] there is an analytical explanation of thisuwtence.

Measures for Evaluation of Retrieval

In order to determine how efficient the indexingaithms are, we need to query
them and measure these results. For these purposgsropose to use kNearest
Neighbor k-NN) search which determines the tiopearest neighbors to the query. By
performing this type of query, we are able to datee how many relevant documents
we can retrieve based on our generated index. dlh@ving measures are defined to
allow us to quantify how effective the index is ieiNN queries based on the image
returned. The precision formula is somewhat difiereom the one defined in chapter

five, section five and should not be confused.
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{ relevantdocumentsC { retrieved documentg

precision= _
{retrieveddocumentg

(9.1)

Precision measures the actual number of correatrdents returned by the query,
where a precision value of 1 (or 100%) is ideatsiit means that all returned documents
are relevant to the query.

The other measures we utilize to determine theieffcy of our indexes in terms

of querying are:

k-NN distance = average distance of the k-nearegghbors to the query (9.3)

Page Reads = number of memory pages of size rathateeded to be accessed in order

to retrieve each k-nearest neighbor (9.4)

These two measures will allow us to determine htagecthe queries are from
each otherk-NN distancgand how efficient our resulting index is in terofsnodes that

need to be accessed to find our queeEyeé Reads

Evaluation Results

In the course of this chapter we have presentaffy@ithms for indexing high-
dimensional spaces, and in this section we wiltwsswhich algorithms we decided to
test on our datasets and discuss some of the nteststing results. We will also present
an insight into how some of the other chaptershia tlissertation, and modules of our

framework, come together.
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We begin our discussion by providing rationaleointhy we decided against
using the R-tree based algorithms. As literaturewsh[161, 166] the R-tree based
algorithms do not perform well when indexing higmdnsional data sets because the
overlap of the bounding boxes in the directory @éases with increased dimensionality,
and this quickly creates problems when queryinth@se overlapping bounding boxes. If
we take a look at our 2D and 3D MDS plots in tewhsisualization tools, we can see
how messy our dimensional space is. As we sequrdi9.6, all of our data points are
very close to each other forming a very dense etustnd this is just shows 2 and 3
dimensions. As the number of dimensions incredsewill become a bigger problem for

the R-tree algorithms.

Figure 9.6. 2D and 3D MDS plots that show the @uiirmed by our image parameter,
this indicates very close similarity between alages of our dataset



158
With all of these reasons in mind, we will skip ekmenting on all 3 types of R-
tree algorithms; however, we will present some ltestor the KD-tree in order to
evaluate at least one of the multi-dimensional dataxing algorithms.
As a general setting in our experiments, we treatach of the 1,600 images in
our datasets as a query and searched for their edrest Neighbors in our index.
Precision was calculated by determining the nunidferelevant documents over the

number of documents retrieved (10 in this case).

Multi-Dimensional Indexing: kd-tree Experiments

In figure 9.7 we show the retrieval precision ador our 1,600 queries. As we
can evidently observe, there are very considerghfes of precision values of 0 or no

relevant documents retrieved.
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Figure 9.7. kd-tree precision results for eachwsfh600 queries on our solar dataset.
Index built on original 640-dimensional feature togc
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The total average precision value for our retriemalthe kd-tree is 0.1114, or in
other terms less than 12% accuracy when retriewitly this index. As the literature
states and our experimental results show, thedaktare clearly not ideal when it comes
to indexing a 640 dimensional vector and the reélieesults reflect this. When it comes
to the section of queries that have a high precisglue (range between 601 and 701 in
figure 9.6), we theorize that these queries areotles closest to our first tree partitions
and thus the algorithm returns relevant matchesveier, these results when paired with
the literature recommendations, this results disogel us from using kd-trees for further
analysis on datasets of this high of dimensionaltyt note that the kd-trees are still
supported in our framework for other researchemgulower dimensional spaces since
they might produce good results in those situations

Single-Dimensional Indexing for
Multi-Dimensional Data: Pyramid-tree Experiments

As one of the most promising single-dimensiondeixing for multi-dimensional
data algorithms, the Pyramid-tree claims to sohe“curse of dimensionality” problem
[240] while allowing us to query high-dimensionaitd in a very efficient manner. To put
this claim to the test we will select the 8 differeexperiments outlined for the
dimensionality reduction methods presented in aradt(table 8.1). We will compare
these results with the most recent and best penfigrisingle-dimensional indexing for
multi-dimensional data algorithm: iDistance. Foistlsection we will only use the
Euclidean distance since Pyramid-tree only allowesuse of this distance. Considerable

modifications have to be made to the algorithmdooanmodate other distances, but said
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modifications are out of the scope of this disgemaand are left for future additions to
the framework. We also make clear that we are logpkor the best performing algorithm
when it comes to indexing and retrieval, so futexperiments and analysis beyond this
section will be done only on the resulting bestfggening algorithm. In figure 9.8 we
present the number of dimensions for each expetinmethe x-axis and the average
precision values attained for the 10-NN searchefopeed on the generated indexes on

the y-axis.
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Figure 9.8. Average retrieval precision valuesthear solar dataset and the pyramid-tree
and iDistance indexing algorithms. Indexes buildimensionally reduced feature
vectors and the original feature vector

As figure 9.7 shows, we see that the results fer Byramid and iDistance
algorithms manage to stay very close for 5 out wf ® experiments. We also see that
Pyramid-tree suffers some performance decreasef@aweof the targeted dimensions,

having a drop of almost 10% (0.10) in retrievalgs®n, something very considerable

when we are trying to find the most stable and pesfiorming indexing algorithm. If we
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take into consideration that we are trying to fihd best algorithm in terms of handling a
high-number of dimension, we see that for the 08bi640 dimensional dataset the
Pyramid-tree comes in behind iDistance by 7% (O&Xuracy. With this in mind we
opted to pursue more experimentation (and to imptemdifferent dissimilarity
measures) with the best performing algorithm: i@nse. Not only did iDistance retrieval
precision values remain very stable, it actuallgnse to perform very well when the
dimensionality increases as seen on figure 9.8.f@arework facilitates experimentation
on Pyramid-tree’s for future researchers interestegbursing this algorithm as their
indexing mechanism.

Single-Dimensional Indexing for
Multi-Dimensional Data: iDistance Experiments

Now that we have determined which single-dimendidndexing for multi-
dimensional data algorithm we want to use, we priéisent our retrieval results for all the
dissimilarity measures (table 7.1 in chapter 7)tled dissimilarity measures module
implemented for use with the iDistance algorithme ¥¥art our analysis by presenting the
retrieval results for all six datasets in theirgaral dimensionality, this will allow us to
determine which measures perform well when pairgd the iDistance algorithm to be
further tested with the dimensionality reductiosulés of chapter 8.

The labeling on figure 9.9 corresponds to the ditanumbers indicated in table
7.1. The D12-13 measures represent Khd® measure presented in table 7.1. In our
previous experiments we treated the KLD measur® pair of measure\(B andB-A).

For iDistance, the measure becomes a one measwe we are only analyzing the
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distance from A to B and not the opposite. The odhange introduced for our indexing
experiments is the elimination of distances D14 &b, which correspond to the
Minkowski fractionalmeasure witlp=0.25 ando=0.50. Both of these measures took over
4 hours for index generation, and 16 hours to queB00 images making them

unreasonable to deploy in a CBIR system that needsoduce results in near real-time.

0.9

el Tt % )
—-—— - R

0.7

o L \ \
B i S W s
N TN ATT S

0.1 = . —

D1 D2 D3 D4 D5 D6 D7 D8 D9 D10 D11 D12-13 D16 D17 D18

——SOLAR -=-INDECS ImageCLEFMEDO5 ImageCLEFMEDO7 —«—PASCAL2006 —e—PASCAL2008

Figure 9.9. Average precision values for the didanity measures implemented on the
iDistance algorithm for the 640-dimensional oridifeature vectors

The results shown in figure 9.9 show very simil@nts that our classification
results for the dimensionality reduction experingsgmtesented on figure 8.1 in the sense
that we have the clusters formed by solar and theageCLEFMed05 and
ImageCLEFMed07 as the top performing datasets, thad low performing datasets
cluster incorporating the INDECS and the PASCAL2@06 2008 datasets. In this figure
we can also observe that most of the dissimilangasures that perform poorly, do so in

a consistent manner for all datasets. These cledubyv that our indexing algorithms
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produce an effective index that allows for goodiegtl results, and when compared to
using classifiers we show a great advantage sircare not using a supervised learning
approach.
In order to determine the best performing dissirtijlaneasures for each of the
datasets analyzed, we present table 9.1. in whieltam observe the top three average
retrieval precision results for each dataset aed ttorresponding dissimilarity measure.

Table 9.1. Top three average precision resultalfatatasets and dissimilarity measures

Solar INDECS ImgCLEFMed03 ImgCLEFMed(7 PASCAL2006 ASTAL2008

D6 | 0.8612| D2| 0.3878| D2| 0.7660 D5/ 0.8438 D2| 0.3223 | D7| 0.2706
D5 | 0.8611| D8| 0.3836| D8| 0.7631 D6/ 0.8438 D1| 0.3192 | D1] 0.2703
D1 | 0.8609| D5| 0.3806| D5/ 0.7601 D7| 0.8438 D9 0.3191 | D5 0.2701

As a very interesting observation, we can seetti@Euclidean distance (D1) is
not the overall best performing measure, validatthg need to analyze different
alternatives for indexing and retrieval purposesdAwhile the improvements are in
general very small for the datasets we tested ().38€se results might change and
bigger improvements could be found on other dasas&te thing to mention is that while
we had considerable improvements for the KLD (DB2+heasure in chapter 7 for our
poorly performing datasets, this is not reflectedehdue to the fact that we are taking
into consideration all 10 image parameters rathan individual combinations of them.

One of the most interesting results of our analysiicate that the Minkowski
based fractional measures actually perform veryrlpdor almost all datasets. While
other researchers have shown that they improveévatrunder certain circumstances
[129], we show that for the iDistance algorithmdbdrends are not followed. We think

that this is due to the way that iDistance breaksrdthe dimensions into segments for
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the B+-tree to index. We noticed that as phgets smaller than one, the distances of the
segments increases considerably thus making thehsead the retrieval very inefficient.
In [53], the authors have shown that by using kh&halanobis measure (D3) they
managed to achieve very good results for particattficial and non-artificial datasets,
but in our experimental results we find the oppsithis behavior can again be attributed
to the inner workings of the iDistance algorithmdathe way it breaks down
dimensionality, and another reason is that thisade was not optimal for any of our
datasets as we indicated in chapter seven.

Now that we have determined the best dissimilarigasures for the six datasets
analyzed, we will combine these results with ounehsionality reduction experiments in
order to verify how well the retrieval works forlawer dimensional version of our

dataset. In table 9.2 we present the experimeeatals used for the rest of the chapter.

Table 9.2. Experimental set-up for the differersisdhilarity measures and iDistance
based on the best dimensionality reduction experisnef chapter eight

Experiment Dissimilarity Measure
Dataset ; .

(dimensions) EXP1 EXP2 EXP3
Solar LPP-8 (143) D1 (Euclidean D6 (Cosine) D5€kychev)
INDECS Laplacian-2 (106)| D1 (Euclidean D2 (Seue#d) D8 (Spearman)
ImgeCLEFMed05 PCA-1 (79) D1 (Euclidean D2 (Seusdid) D8 (Spearman)
ImgeCLEFMed07 SVD-7 (251) D1 (Euclidean D5 (Chdise) D6 (Cosine)
PASCAL2006 Isomap-2 (85) D1 (Euclidean D2 (Seuedial) D9 (Hausdorff)
PASCAL2008 FA-3 (141) D1 (Euclidean D7 (Correlatio | D5 (Chebychev)

Since the standard implementation of iDistance tise€uclidean distance [50],
we present this dissimilarity measure as our Brgierimental measure (EXP1). For the
remaining experiments (EXP2 and EXP3), we seletttedop two dissimilarity measures

on our indexing and retrieval experiments as presknn table 9.1.. For a direct
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comparison to the iDistance’s best results we ptesgghest retrieval accuracy values
obtained for the original 640-dimensional datagets all the dissimilarity measures as

listed on table 9.1 and we will label them@sginal.
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Figure 9.10. Average retrieval precision valuestli@r experimental analysis of the
dissimilarity measures outline in table 9.2.

While we do not see any critical improvement on @erage retrieval precision
in our experimental set up, we have to realize #labur experimental results feature a
dimensionality reduction factor of more than half bur ‘biggest’ experiment, which is
ImageCLEFMed07 SVD-7 with 251 dimensions. This dieahows the applicability of
dimensionality reduction in an actual indexing aetlieval setting. For our solar dataset,
we have a very minimal (less than 1%) improvementekperiments EXP1 and EXP2,
and a very small drop (less than 1%) for EXP3. Thicates that even with a 77% of
dimensionality reduction, the indexing algorithneates an index than when queried,

returns an average of 86% of the documents rettiewe relevant to the query. Figure



166
9.10 shows the stability of this indexing algorithwhen paired with the correct
dissimilarity measures.
In the next figures we will show the average 10-tstance and the average page
reads for our indexing experiments. We present thetim the purpose of showing how
efficient (or inefficient) these combinations offfdrent dissimilarity measures can be

with the iDistance indexing algorithm.

4.5

3.5

N N

, AN

1.5
1
03 \ \b . 2
0 ¢ ‘ : ‘ :
Original EXP1 EXP2 EXP3
—4—Solar —#—INDECS ImageCLEFMEDO05 ImageCLEFMEDO7  —¥—PASCAL2006 —@—PASCAL2008

Figure 9.11. Average 10-NN distance for all expents and all datasets tested compared
with the top original non-reduced datasets. Distaanod datasets described in table 9.2

Figure 9.11 clearly shows that the average 10-Nfthdice considerably decreases
with the lower dimensionality experiments. We alsanfirm the very stable results
provided by the different dissimilarity measurestba indexing algorithm. In theory, the
closest the NN distance is to zero, the stongeditates that all the returned results are
the actual closest neighbors to the query imagas Bhows that, for the poorly

performing datasets (INDECS, PASCAL2006 and PASQX1®) the image parameters
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and dimensionality reduction methods are not daiggod job in creating feature vectors

that are easily discernable from each other, tishgeging very poor precision.
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Figure 9.12. Average page reads for all experimentsall datasets tested compared with
the original non-reduced datasets. Distance arasdts described in table 9.2

In terms of page reads, figure 9.12 shows that#teavior of fewer page reads
for our experiments is not surprising since we guerying a lower dimensional index
(fewer data points, fewer pages). But what is Vakidere is the fact that we can query
the built indexes very efficiently in these low d@insional spaces while still returning
around 86% of relevant matches. This translates tlast responding and efficient
retrieval mechanism that will allow the users oé tBBIR system to receive relevant
results in a timely and efficient manner. We alagénthat the solar dataset requires fewer
page reads for the original dimensionality, EXPH &XP2. This indicates that our
indexes built for the solar dataset are more efficithan the remaining ones. This

behavior can be due to the fact that the imagenpetexr values obtained for the solar
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dataset are more efficiently indexed by iDistaradgwing the retrieval to be performed
faster while reading fewer pages of the index.

Since we have shown consistent retrieval precisietween our original 640
dimensional feature vector and our reduced experi@ahdeature vectors for the solar
dataset, we present the figure 9.13, where we aealyr 8 different dimensional targets
for the solar dataset (presented in chapter 8gt8Ml) for all dimensionality reduction
methods and their performance on our indexing nr@sha We present this evaluation
with the purpose of observing the behavior of dltheese methods with our indexing

algorithm using the Euclidean distance.
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Figure 9.13. Average retrieval precision per nundfegenerated dimensions for the solar
dataset using the euclidean distance.

We can observe in figure 9.13 that at least thfemuo dimensionality reduction
methods (SVD, PCA and LPP) are over the 0.86 poetitreshold that our original

640-dimensional dataset achieves, this meanshbaditnensionality reduction provided
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by these methods can achieve comparable results aamsiderably lower dimensional
space, verifying our claim that we can utilize themreduce storage and retrieval costs
significantly.

In this chapter we have presented experimentaltisethat validate our use of
iDistance as the single-dimensional indexing atyami for multi-dimensional data that
works the best for our solar dataset. When compitine best dimensionality reduction
results with this indexing algorithm, we have destoated that our unsupervised
evaluation KNN search on our indexes) of the reduced dimensioeaiufe vectors
achieve very similar results to our supervised carative evaluations presented with the
classification algorithms in the previous chapiénis is a very valuable conclusion since
we can now determine how much dimensionality radactve can achieve without
considerably affecting the quality of our featurector while allowing us to save on

storage and retrieval costs.

CBIR System - Retrieval Demonstration

Solar Images

For the best performing experiment on our solaask: Locality Preserving
Projections with 143 dimensions (LPP-8), we wilegent the demo CBIR system
retrieval results for one query image of each @&f ¢ight classes available in our solar
dataset. We will present the best queries (mostaimmages) for six classes and we will

present poor results for two of the classes faoistliative purposes. Table 9.3 shows the
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class names and the image number ranges utilizedriiCBIR system retrieval results

figures.

Table 9.3. Solar dataset classes and image ranges

Class Label Image Numbers
Active Region 1-200
Coronal Jet 201 - 400
Emerging Flux 401 - 600
Filament 601 — 800
Filament Activation 801 — 1000
Filament Eruption 1001 - 1200
Flare 1201 — 1400
Oscillation 1401 — 1600

Figure 9.14. Retrieval results for the solar ddtaskctive Region class. The query
image (#87) is in the top, and the retrieved 10iMidges are in the bottom rows
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In figure 9.14 we show the 10-NN results for im&jeas a query. Every image returned
with an image number between 1 and 200 (see taB)e elongs to the Active Region
class. This sample query has a retrieval precisfdn0 (100%) since all returned images

belong to the Active Region class.

Figure 9.15. Retrieval results for the solar ddtaseoronal Jet class. The query image
(#386) is in the top, and the retrieved 10-NN insagee in the bottom rows

Figure 9.15, shows a query from the Coronal Jesscihat has a retrieval
precision of 0.5 or 50%. While, half the imagesireéd are not within the 201-400 range

of the Coronal Jet class (which brings the prenisialues down), there are still a few
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images that seem very similar to our query imad®8 and #1573). In these cases the

researchers have to analyze the images to deterntivey are valuable for them.

Figure 9.16. Retrieval results for the solar datademerging Flux class. The query
image (#440) is in the top, and the retrieved 10iMisges are in the bottom rows

We again have a query that returns 100% relevaag@® (retrieval precision of
1.0), it is easy to see in figure 9.16 that allireed images are very similar to each other.
This class and the Active Region class are twohefdasiest classes to retrieve in our
dataset (thus having a high retrieval precisionje ¢o the different wavelengths the

images are taken (1600). All remaining classedram the 171A wavelength.
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Figure 9.17. Retrieval results for the solar dettasFilament class. The query image
(#741) is in the top, and the retrieved 10-NN insagee in the bottom rows

This query image has very interesting results tblaarly show the main
importance of our CBIR system for solar images. Q@41 has returned a series of
images that are very similar but are not founddgareluded in the Filament class. 9 out
of the 10 images belong to the Filament Activatddass (image range 1001 — 1200),
making this query have a very poor retrieval priecivalue (0.1 or 10%). However, we
just found very similar images that are not in $aene class, validating the use of CBIR
systems to discover similar images that might hiagen labeled in correctly or that

appear in different classes other than the oneasrevguerying for.
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Figure 9.18. Retrieval results for the solar ddtaseilament Activation class. The query
image (#920) is in the top, and the retrieved 10iMiEges are in the bottom rows

In figure 9.18, we have the Filament Activation ssdaproducing very similar
results for almost all query images. Our retrieeslults for image #920, are very close to
each other as we can see from the range of imagders of the returned images. This
retrieval results show the efficiency of our indexistructure, and when considering that
we are using a dimensionally reduced version of feature vector (143 out of 640

dimensions), these results are very good for ou® SIBIR system demo.
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Figure 9.19. (a) Retrieval results for the solatadaet — Filament Eruption class. The
guery image (#1054) is in the top, and the retde®8-NN images are in the bottom
rows. (b) Retrieval results for the solar datasetare class. The query image (#1323) is
in the top, and the retrieved 10-NN images arééltottom rows
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In figure 9.19 we have two different queries fromo different classes: Filament
Eruption (a), and Flare (b). While the Filament iiron results seem very standard (all
returned images are very similar and within theesafass, the Flare returned images are
the most interesting ones. For the Flare query an&fj323, we have very different
returned images but all within the same class (@img #1322 with #1305 and #1317),
this shows that our CBIR system is actually allgyvus to find similar solar phenomena
in terms of finding related images that are notclyahe same or very similar, validating

our choice of image parameters and indexing strastat the same time.

Figure 9.20. Retrieval results for the solar datas®scillation class. The query image
(#1513) is in the top, and the retrieved 10-NN igggre in the bottom rows
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The Oscillation class query image #1513 presentefigure 9.20 shows us the
same stable behavior that some of our previousesasThe retrieval results are very
accurate since all images are very similar and #ielgelong to the same class (retrieval
precision of 1.0 or 100%).

As we have seen in figures 9.13 to 9.20 our SDORC8lstem demo shows the
dimensionally reduced dataset index returning \&emjilar (and relevant) results. These
results showed the system returning very similaages for most queries presented, even
if they are not listed under the same class in adataset. This behavior will nicely
translate into the system returning very similaag@s in a ‘real life’ setting, allowing
researchers to find similar images to the ones #reyquerying for, thus fulfilling the
purpose of our SDO CBIR system. For the remainib@2lquery results, please refer to

[122].

ImageCLEFMed07 Images

With our CBIR building framework, we managed to eieyp a CBIR system
demo for the ImageCLEFMed datasets. In this seatiempresent our retrieval results for
the best performing dimensionality reduction andekxing experiment: Singular Value
Decomposition with 251 dimensions (SVD-7) and théan8ardized Euclidean
dissimilarity measure. With an average retrievacgion of 0.8438 (84%), our demo
CBIR system is accurate and produces good resultalif eight classes of our subset of
the ImageCLEFMed07 dataset. In table 9.4 we prabentlasses of the dataset and the

image number ranges.
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Table 9.4. ImageCLEFMed07 dataset

classes and images

Class Label

Image Range

Plain Radiography - Chest
Plain Radiography - Hand
Plain Radiography - Cranium
Plain Radiography - Side Chest
Plain Radiography - Trachea
Plain Radiography - Breast
Plain Radiography - Lungs

Plain Radiography - Leg Bones

1-200
201 - 400
401 - 600

601 - 800
801 - 1000
1001 - 1200
1201 - 1400
1401 - 1600
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Figure 9.21. (a) Retrieval results for the ImageEMed07 dataset — Plain Radiography -
Chest class. The query image (#48) is in the tod,the retrieved 10-NN images are in
the bottom rows. (b) Retrieval results for the I@@gEFMed07 dataset — Plain
Radiography - Hand class. The query image (#32B) tise top, and the retrieved 10-NN
images are in the bottom rows
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Figure 9.22. (a) Retrieval results for the ImageEMed07 dataset — Plain Radiography -
Cranium class. The query image (#552) is in the aml the retrieved 10-NN images are
in the bottom rows. (b) Retrieval results for theabeCLEFMed07 dataset — Plain
Radiography - Side Chest class. The query imag&O#ig in the top, and the retrieved
10-NN images are in the bottom rows
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Figure 9.23. (a) Retrieval results for the ImageEMed07 dataset — Plain Radiography -
Trachea class. The query image (#813) is in thedog the retrieved 10-NN images are
in the bottom rows. (b) Retrieval results for thmabeCLEFMedO7 dataset — Plain
Radiography - Breast class. The query image (#1i2®8) the top, and the retrieved 10-
NN images are in the bottom rows
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Figure 9.24. (a) Retrieval results for the ImageEMed07 dataset — Plain Radiography -
Lungs class. The query image (#813) is in the aol, the retrieved 10-NN images are in
the bottom rows. (b) Retrieval results for the I®@@gEFMed07 dataset — Plain
Radiography - Leg Bones class. The query image2@)lis in the top, and the retrieved
10-NN images are in the bottom rows
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PASCAL2008 Images

As one of our poor performing datasets (due to ar gelection of image
parameters) we have the PASCAL2008 dataset. Eveanwlsing the full 640-
dimensional feature vector, we have less than @2Z5E30) retrieval precision. The
following figures are taken from the retrieval rigssdor the 1,600 images and the 10-NN
on the full 640-dimensional feature vector using Euclidean distance. As we can see
from the figures, most of the returned results #atally fit within the image range of
the query images are random at best since theasitpilithin the images (besides the

guery image) is almost non-existent from the viqaeabkpective of the researcher.

Table 9.5. PASCAL2008 dataset classes and ima@esan

Class Label Image Range
Car 1-200
Bicycle 201 - 400
Bottle 401 - 600
Boat 601 - 800

Dog 801 - 1000

Tv Monitor 1001 - 1200
Person 1201 - 1400
Cat 1401 - 1600
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Figure 9.25. (a) Retrieval results for the PASCAQ20dataset — Car class. The query
image (#8) is in the top, and the retrieved 10-Miges are in the bottom rows. (b)
Retrieval results for the PASCAL2008 dataset — Blieylass. The query image (#240) is
in the top, and the retrieved 10-NN images aréénltottom rows
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Figure 9.26. (a) Retrieval results for the PASCAQ2@lataset — Bottle class. The query
image (#453) is in the top, and the retrieved 10-Nidges are in the bottom rows. (b)
Retrieval results for the PASCAL2008 dataset — Btads. The query image (#737) is in
the top, and the retrieved 10-NN images are irbtittom rows
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Figure 9.27. (a) Retrieval results for the PASCAQ2Glataset — Dog class. The query
image (#986) is in the top, and the retrieved 10-Nidges are in the bottom rows. (b)
Retrieval results for the PASCAL2008 dataset — TdnMor class. The query image
(#1193) is in the top, and the retrieved 10-NN igggre in the bottom rows
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Figure 9.28. (a) Retrieval results for the PASCAQ2@ataset — Person class. The query
image (#1324) is in the top, and the retrieved NiMages are in the bottom rows. (b)
Retrieval results for the PASCAL2008 dataset —dlads. The query image (#1517) is in
the top, and the retrieved 10-NN images are irbtiteom rows
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CHAPTER 10

GENERAL CONCLUSIONS

Closing Remarks

This work has introduced the reader to the curséate of CBIR systems and the
area of image processing for solar physics, in rotdeput in perspective the need to
construct a CBIR system for solar physics, in paftér Solar Dynamics Observatory
mission. During this process, the idea of creatnframework capable of providing
researchers with facilities that would allow them dreate or tweak domain-specific
CBIR systems was founded.

In chapter one, we presented a full outline of ¢benponents of our proposed
framework in order to familiarize the reader witte tsteps performed to build our CBIR
system for the SDO mission. After our literaturgiegy, we presented the solar dataset
that was created to aid us in our ambitious taskyell as the five different datasets that
will be used to present comparative analyses ofréisalts provided in each module of
our system.

A discussion of image parameters for image redtievas presented in chapter
four. Here we first determined which image paramsete utilize on our CBIR system
and implement in our framework. Since this eargstof our work we started observing
the high domain dependency of image parametershendeed for further analysis to be
performed to determine how useful they are in d&fifi domain-specific datasets. Such

analysis for our domain is carried out in chapsexsand seven.
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By performing supervised and un-supervised atteil®yvaluation we are able to
determine which image parameters are most usetal,vee can start considering the
possibility of achieving dimensionality reductiory lemoval of not useful image
parameters. By paying attention to the unsupervaute evaluation, we introduced
our dissimilarity measures module that includesr dedifferent measures to determine
dissimilarity. With this analysis we found some@ifr most interesting results, and we
managed to considerably improve the classificabiosome of the datasets that originally
performed very poorly. With these interesting reswte justify the analysis of all these
different dissimilarity measures in order to findtdresting combinations of image
parameters and dissimilarity measures that would be to classify the images in our
datasets.

Chapter eight we showed that the original dimemaity of our solar dataset can
be greatly reduced (by at least 77%) and still na&na fairly good representation of our
original feature vector. In order to put these lssto the test, we went on to find an
indexing algorithm that could handle our high disienal data and was able to be
efficiently queried in order to complete our CBIli&stEm.

In our indexing and retrieval chapter we introdicaur dissimilarity measure
module into one of the best performing single-disenal indexing algorithms for high
dimensional data. Besides presenting some of theifidexing and retrieval results for a
feature vector of over 200 dimensions, we manageshbw that several dissimilarity
measures performed equally well compared to thdidaan distance for this indexing

algorithm. Other results showed different tendeha@ what previous authors have
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stated, and can surely lead to future discussibaatahese behaviors. However, the most
important achievement of this section was to dernatesthat our underlying indexing
structure was able to achieve similar retrievafqrenance for the dimensionally reduced
datasets, providing us with good retrieval resul86% precision accuracy) for
unsupervised (not using the image labels) analylsisur data. As we stated in chapter
nine, this greatly resembles the actual usage oC&IR system when dealing with new
incoming (and un-labeled) data and respondingdearcher queries for similar images.

As a whole, our CBIR building framework contairls tae modules needed to
perform an extensive analysis on a dataset ancdegegkarchers in the quest of building
and tweaking their domain-specific dataset. Asadpct of the framework, we have all
the necessary elements needed for the SDO missBIR Gystem. By providing
extensive results and a comparative analysis witeralatasets, we justified the need for
each of the modules included in our framework. As of the key principles behind this
dissertation, all results are easily reproducibid all the proper files to generate them

chapter by chapter are freely available [122].

Ideas For Future Work

Our outlined framework has unlimited potential ffmowth and as new image
parameters are being developed, they can be imptechand added to our framework to
create a bigger repository of available paramef@rsevaluation. This same principle
applies to new dissimilarity measure being devealppgew dimensionality reduction

algorithms and new indexing mechanisms. Besidesgtowth potential, the framework
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also can be adapted as a teaching tool for imageval, content-based retrieval and
other courses since it allows a quick analysisnzdge datasets providing intermediate
files between modules to be used in many other wWdifferent attribute evaluation
methods, application of clustering algorithms, etc)

In terms of solar physics, the need to identifgqdmena that occur over time is a
potential area of future research from the perspeadf CBIR systems since these
systems are geared towards the analysis of staigaes. We theorize that new image
parameters will have to be developed that can itatkeconsideration the changes certain
solar phenomena show over time before they camlbedetected. We believe that new
image parameters derived from video compressioaridihgns could be another way to
look at these types of phenomena.

In terms of CBIR systems for high-dimensional date see great potential in
developing better and more efficient techniquelsaindle high dimensional data. We also
observe that while most researchers focus theartsfbased on algorithms that depend
on the Euclidean distance, there have been resrarthat have managed to show
(including chapter six of this dissertation) thiatsi worth analyzing other dissimilarity
measures in traditional settings (e.g. correlatmalysis) to discover the relationships
between images, data points, etc., in differentswdis is one of the main purposes of
including the dissimilarity measure module in o@mhework. Of particular interest is the
modification of the Pyramid-tree indexing algoritnitm be able to take advantage of
different dissimilarity measures and present a ammspn similar to the iDistance

comparison in chapter nine.
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The door is opening for CBIR systems in the sghysics and astrophysics
communities. With this system for the SDO missiwa,expect many others to follow for
different missions and different images for differ@lanets, constellations, galaxies, and
many other possibilities. With the exuberant amswitnew images being generated by
the SDO mission, the Hubble telescope, and mangrodatellites, telescopes and
observatories, the need to be able to query am@vetall these images in an efficient
manner is evident. There are many other fieldsntakidvantage of the conveniences of
CBIR systems (e.g. medical systems for cancer dsignetc), and it is about time that
other fields start finding ways of organizing aretrieving the increasingly growing

repositories of large-scale image data.
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