Prospectus of
“Framework for creating large-scale content-based image retrieval system (CBIR)
for solar data analysis”
Juan M. Banda

0

Outline
1. Project Summary ………………………………………………………………………………………… 2
2. Project Overview ………………………………………………………………………………………… 3
2.1. Objectives and Expected Significance
2.1.1. Creation of a CBIR building framework
2.1.1.1. Creation of a composite multi-dimensional indexing technique
2.1.2. Creation of a CBIR for Solar Dynamics Observatory
2.2. Research Description ……………………………………………………………………….... 4
2.3. Datasets to analyze …………………………………………………………………………... 8
2.3.1. TRACE Dataset
2.3.2. INDECS Database
2.3.3. ImageCLEFmed Dataset
2.4. Deliverables …………………………………………………………………………………. 11
3. Background information ………………………………………………………………………………... 12
3.1. Activity in the solar community
3.2. Image descriptors/parameters
3.3. Unsupervised Attribute Evaluation
3.4. Supervised Attribute Evaluation
3.5. Dissimilarity Measures (Euclidean distance, Standardized Euclidean distance, Mahalanobis
distance, City block distance, Chebychev distance, Cosine distance, Correlation distance,
Spearman distance, Hausdorff Distance, Jensen–Shannon divergence (JSD), χ2 distance,
Kullback–Leibler divergence (KLD))
3.6. Dimensionality reduction
3.6.1. Linear dimensionality reduction methods (Principal Component Analysis (PCA),
Singular Value Decomposition (SVD), Locality Preserving Projections (LPP), Factor
Analysis (FA))
3.6.2. Non-linear dimensionality reduction methods (Kernel PCA, Isomap, LocallyLinear Embedding (LLE), Laplacian Eigenmaps (LE))
3.7. Indexing techniques
3.7.1. Single-Dimensional Indexing for Multi-Dimensional Data (iDistance, iMinMax,
UB-Trees, Pyramid-trees)
3.7.2. Multi-Dimensional Indexing (R+-Trees, R*-Trees, TV-trees, X-trees)
References ………………………………………………………………………………………………… 26

1

1. Project Summary
With the recent launch of NASA’s Solar Dynamics Observatory mission, we have been
presented with the unique opportunity of having a massive repository of high-quality solar images
to analyze and categorize. This mission, with its Atmospheric Imaging Assembly (AIA), is
expected to generate a set of eight 4096 pixels x 4096 pixels images every 10 seconds. This will
lead to a data transmission rate of approximately 700 Gigabytes per day only from the AIA
component (the entire mission is expected to be sending about 1.5 Terabytes of data per day), for
a minimum of 5 years.
Contribution:
In this document, we propose the creation of a framework that will aid us in constructing
a large-scale content-based image retrieval system (CBIR) for unlabeled solar phenomena, this is
a novel idea in the field of solar physics, while still being an important computer science
challenge [1, 2, 3, 4, 5]. Many solar physicists have been working on the recognition and
categorization of individual types of phenomena with the use of domain specific algorithms.
Also, some domain-specific CBIR systems (e.g. medical, military images) have been
implemented on a smaller scale, but have proven to be constrained in their specificity [6]. Since
there are no ‘out of the box’ solutions that will work in this domain, building a CBIR system for
large scale solar phenomena recognition and classification is a non-trivial task.
In order to create such a CBIR, a new framework which provides a testing environment
that would allow different image parameters and large scale image processing techniques to be
fully tested for different domain-specific datasets is of vital importance. The same principle can
be applied to: 1) unsupervised and supervised attribute evaluation methods, 2) dimensionality
reduction techniques, and 3) high-dimensional data indexing algorithms. This will allow our
framework to be configurable enough to help in the construction of large-scale content-based
image retrieval systems for different domains.
The novelty of this framework is the capability of combining different aspects of largescale data processing in order to create a better suited retrieval mechanism for different domainspecific data sources. With such a framework, researchers will be able to try different
combination of methods, allowing researchers to compare the methods and select the optimal
configuration of methods. This is due to the fact that many retrieval techniques when dealing with
high-dimensional spaces tend to produce different results depending on the domain of the data
they are being tested on (e.g. sparse data behaves differently than dense data). To our knowledge,
there is nothing available that allows researchers to perform combination and testing of such tasks
presented in this image retrieval framework scheme.
Motivation:
Such a framework will allow, and hopefully encourage, researchers to subsume it to
create an even more helpful tool that would allow the construction of CBIR systems in a faster
and more efficient manner, allowing them to focus on the domain-specific performance issues
they encounter, rather than on the work needed to build a testing and deployment framework. A
framework like this could also be very beneficial for researchers and students investigating the
foundations for a CBIR system in both academia and industry, since the framework will allow
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them to quickly test predetermined image parameters, image processing techniques, etc. in their
own domain specific dataset without the need of starting from scratch.

2. Project Description
2.1. Objectives and Expected Significance
2.1.1. Creation of a CBIR building framework
With our novel application came the realization that while most stages and techniques
needed to develop a CBIR are available via countless research papers, survey papers, algorithm
implementations, and open source CBIR systems. There is the lack of a common framework that
would allow researchers to fully focus on the peculiarity of their domain-specific image dataset
rather than building a testing environment, gathering code from multiple sources and
implementing everything in order to be able to test new image parameters on their specific image
dataset. With such a big missing component, and based on our own experience, we theorize that
many researchers in this area are spending most of their time building their testing framework and
adding features to it, rather than testing the image parameters they desire and focusing on how to
better describe their images in terms of building an image parameter vector.
We believe this is a considerable contribution since it will allow future researchers to
spend their time in other sections that will allow their CBIR system to be more optimized for their
domain-specific task. With all the components of this framework our work in creating a CBIR
system for the Solar Dynamics Observatory has been greatly aided in terms of being able to test
new image parameters, dimensionality reduction methods, etc. seamlessly and allowing us to fine
tune our system for better performance.

2.1.1.1. Creation of a composite multi-dimensional indexing technique
An important addition to our CBIR building framework is the ability to allow the user to
use one of several indexing mechanisms for their image parameter vector. With highdimensionality comes high complexity in terms of data retrieval and many of the current highdimensional indexing methods rely on a combination of some kind of dimensionality reduction
method and translating the new dimensional space into 1-D segments to be efficiently indexed by
a B+-tree. In our framework the user will be able to select one of our eight state-of-the-art
dimensionality reduction methods and combine (and test) them with eight different highdimensional data indexing mechanisms. This will allow users to test and select the most optimal
retrieval mechanism for their needs. Since most retrieval mechanisms are highly domaindependent, here users can test several indexing mechanism combinations and pick the best, or
they can implement their own which can be added in the future to this framework.

2.1.2. Creation of a CBIR for Solar Dynamics Observatory
The need to quickly identify the growing number of solar images provided by the Solar
Dynamics Observatory is of great importance since with the volume of data generated, timely
hand-labeling is simply impossible. Individual algorithms work on identifying particular solar
phenomena in SDO images, but they are not fully integrated to allow researches to query their
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entire repositories, let alone in a combination of them. In our novel approach, our goal is to have
at least ten different solar phenomena classes in our CBIR system (currently we have eight),
allowing scientists to quickly retrieve similar images to the ones they find more interesting, and
search in a repository that contains more than one type of solar phenomenon.

2.2. Research Description
In order to build our framework, presented in figure 1, we will start like other researchers
[6, 7, 8] have done in the past, by carefully selecting the image parameters we wish to extract and
feature in our framework. Since our domain-specific images are black and white and do not
contain perfectly outlined shapes, based on [6, 9, 10] we decided to mainly implement texturebased image parameters. The reason is that these types of parameters have been shown to be
effective for similar images in the area of medical CBIR systems. In [6] the authors provide a
very thorough and explicit investigation of many image parameters and provide charts that will
aid future researchers in selecting which image parameters will work better for their particular
images.
Immediately after commencing work on selecting the image parameters (block 1 in figure
1) we noticed that, while there are some ‘out of the box’ freely available tools to determine the
usefulness of image parameters (e.g. attribute evaluation in WEKA [11]), there is a need to be
able to perform other types of attribute evaluation on the image parameters in order to determine
their usefulness, and gain trust of researchers from the solar physics community, where
correlation-based tests are more popular than entropy-based evaluation. This is where we decided
to start work on our framework; we wanted to be able to extract and test as many image
parameters as we desired while being able to compare them in a consistent manner. In this step
(block 3 in figure 1), our framework is constructed to allow us to extract several different image
parameters (and add new ones) and then perform unsupervised attribute evaluation (i.e.
correlation analysis). It also allowed us to output WEKA files that are ready to perform the
supervised attribute evaluation methods provided by this package. All of this is quickly done after
copying the image dataset in folders and configuring a few parameters in our Matlab © files.
In order to enable testing, and the determination of the usefulness of the attribute
evaluation, our framework allows users to automatically (or manually) specify which image
parameters to remove in order to experiment on them. The framework will output WEKA files
that will allow users to perform classification on them, for comparative purposes only, and verify
what kind of effect the selected parameters have on the results when compared against all
parameters (“Comparative Evaluation” blocks in figure 1). Here the users can run any classifier
they want (available in WEKA or compatible software) and with the settings they desire. The
classification task, in this stage, is merely for comparative analysis of the interaction between the
image parameters in the classifiers, and to determine if they are worth keeping or can be safely
ignored for future tasks.
Paying special attention to dissimilarity measures, since they can outline certain
peculiarities of different datasets, we decided to incorporate 12 different measures that are
highlighted in the literature as the most relevant ones in different areas of image processing and
retrieval, a listing of these 12 measures can be seen in figure 3. We covered from the traditional
Minkowski based measures (i.e. Euclidean distance [12], Manhattan distance [12], etc) to more
‘modern’ and newly used measures to compare histograms (JSD [13], KLD [14], Hausdorff [15]).

4

With the addition of these measures, we allow future users of our framework to test different
measures that will allow them to gain different insights on their domain-specific datasets when
performing correlation analysis on their datasets. These measures will also be of great use for our
multi-dimensional indexing component of the framework as well, and will be discussed again in
later in this section.
One of the most important stages in building a CBIR system and in our framework is the
dimensionality reduction stage (see block 4 in figure 1). Since most image parameter vectors are
very high in dimensionality, they will become very problematic when it is time to store, query
and retrieve them depending on the volume of the dataset. We have incorporated in our
framework eight different dimensionality reduction techniques that will allow the researcher to
determine which of them produces the best (or closest to the best) results in their domain-specific
dataset. Since most datasets are different, we incorporated different linear and non-linear
dimensionality reduction techniques that take advantage of different properties of the dataset in
order to produce an optimal low-dimensional representation of the original data. These techniques
vary from the classical Principal Component Analysis [16] to more modern methods like
Laplacian Eigen maps [17], and Locally-Linear Embedding [18] among others, with the only
common factor that all of these methods employed in our framework have a mapping function to
map new unseen data into the produced artificial dimensional spaces. Having a mapping function
is a fundamentally important issue since we want to be able to use these mapping functions to
process new/unseen data from the user’s queries.
In the last section of our framework (see block 5 in figure 1, and figure 2) we tackle the
problem of indexing multi-dimensional data by providing the user with eight different indexing
mechanisms to try on their datasets. With an innovative and configurable set-up, we will allow
users to combine all the previously mentioned similarity measures and dimensionality reduction
methods alongside with several of the indexing mechanisms, in order to produce domain-specific
indexing structures. There have been plenty of differently named indexing mechanisms that allow
users to use different similarity measures and dimensionality reduction techniques in order to
achieve efficient retrieval, but only for a few domain specific problems [19, 20, 21]. Our
framework has more of a ‘plug and play’ feel to it, since the users are not restricted in any
combination of measures (figure 3) / dimensionality reduction techniques (figure 2) that they
wants to investigate. The user can also add the ones he desires and use our mechanism to combine
them.
As outlined in this document (and on figure 1), the proposed framework will allow users
to efficiently test image parameters that will be later used on their domain-specific CBIR system.
This framework provides a solid foundation of evaluation methods and experimental evaluation
that is currently not available in any other freely available software. By combining Matlab scripts
and toolboxes, with open source indexing algorithm implementation, and with WEKA’s API we
provide users the ability to quickly interconnect these two software packages and focus more on
the dataset-specific problems they encounter and not on the implementation side of things. Going
a step further, for people with high-dimensional datasets we provide capabilities of testing several
dimensionality reduction methods at once to help them with their dimensionality issue. Since
retrieval is one of the most important parts for the success of CBIR systems, we also include a
module (block 5 in figure 1) that allows users to fine-tune widely accepted multi-dimensional
indexing mechanisms to better fit their needs by allowing them to change a wide variety of
parameters. This module also contains testing facilities that will allow them to easily verify how
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their dataset is performing under the specified combination of indexing method and parameters
giving the users great flexibility when testing their newly created indexes.

Figure 1. Framework Layout
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Figure 2. Indexing Component Layout

Figure 3. Dissimilarity Measures
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2.3. Datasets to be analyzed
In our domain specific problem (solar images) we found that since there was no widely
available multi-class dataset, we had to create our own. Introduced in [22] our dataset covers
several different solar phenomena in equally balanced representations, a detailed description of
this dataset is found in section 2.3.1. For comparison purposes we also analyzed two other
domain specific (and very different datasets) that feature very similar characteristics in terms of
image size and class balancing, which we will discus in sections 2.3.2 and 2.3.3.
2.3.1. TRACE Dataset
The TRACE dataset was created using the Heliophysics Events Knowledgebase (HEK)
portal [23] to find the event dates. Then we retrieved the actual images using the TRACE Data
Analysis Center’s catalog search [24]. The search extends into the TRACE repository as well as
other repositories. To make all images consistent, we filtered out all results that did not came
from the TRACE mission. Table 1 provides an overview of our dataset. All images selected have
an extent label of “Partial Sun”
In the process of creating our dataset to analyze parameters for image recognition we
stumbled upon several problems when trying to balance the number of images per class. First, we
found that several phenomena do not occur as often as others, making it harder to balance the
number of images between individual classes. The second issue is that several phenomena can be
sighted and reported in different wavelengths. For our benchmark we selected the wavelengths
that contained the largest number of hand labeled results provided by HEK contributors. The third
issue we encounter is very inconsistent labeling of phenomena over the course of its duration.
Finally, the images retrieved had different resolutions so we needed experimented the trade-off
(i.e 768x768 to 1024x1024) when re-sizing images and decided to transform them into the same
resolution. Part of the motivation behind this work is to solve these previously mentioned
problems.
All events retrieved were queried within the 99-11-03 to 08-11-04 date ranges. As one can see
from the table 1, for the 16 events searchable by HEK we had to reduce the number of events to 8
due to the limited number of available occurrences of the remaining types of phenomena and poor
quality of images available in some of the data catalogs. The current selection of classes was
solely based on the number of images available, and the wavelengths in which the images where
available. We wanted to be sure that our benchmark data set has equally frequent classes in order
to be sure that our results are not skewed towards the most frequent phenomena. For the events
that occurred only a few times, but during a prolonged period of time, we have selected a few
different images within that time range to complete our goal of 200 images per event class.
Table 1: Characteristics of our benchmark data set
Event Name
# of images retrieved
Wavelength
Active Region
200
1600
Coronal Jet
200
171
Emerging Flux
200
1600
Filament
200
171
Filament Activation
200
171
Filament Eruption
200
171
Flare
200
171
Oscillation
200
171
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In the end of this step we have a benchmark data set of 1,600 images distributed in 200 images
per event class. The benchmark data set both in its original and pre-processed format is available
to the public via Montana State University’s Server [25]. Because of promising results obtained
during our preliminary investigations [26] and the work of others [9], we chose to segment our
images using an 8 by 8 grid for our image parameter extraction and labeling, resulting in 102,400
cells.
For the labeling of our images, we used the HEK VOEvent XML [23] data that indicate the
regions within the images where the events occur. We only labeled the grid cells that overlap with
that region with the event name. All other grid cells not included within the region where labeled
as “Quiet Sun” (treated as a separate class). Despite different frequencies of labeled cells, we
used even sampling methods when conducting our experiments.

Figure 4. Sample TRACE Dataset images

2.3.2. INDECS Database [27]
INDECS is an acronym which stands for Indoor Environment under changing conditions
[27]; this database consists of several sets of pictures taken in five rooms of different
functionality under various illumination and weather conditions at different periods of time. Each
room was observed from many viewpoints and angles. Moreover, the normal activity in the
rooms was recorded: people appear in the rooms, pieces of furniture are moved over time. The
dataset can be obtained freely on the web at [28], both in high and low resolution quality. The
usage of this and the (imageCLEFmed) datasets is to provide comparative evaluation of the
performance of the framework for other domain-specific datasets.
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After selecting a subset of this database (see table 2), we had to resize all the images to
1024x1024 pixels, and balance the classes in a way that we can provide a comparison with the
TRACE dataset. This database features very different images as the ones found in the TRACE
dataset and allow us to clearly demonstrate that CBIR research is very domain specific and is
greatly dependent in the image parameters that the user selects in the early stages.
Table 2: Characteristics of the INDECS dataset generated from the INDECS database
Label
Corridor – Cloudy
Corridor – Night
Kitchen – Cloudy
Kitchen – Night
Kitchen – Sunny
Two-persons Office - Cloudy
Two-persons Office - Night
Two-persons Office - Sunny

# of images retrieved
200
200
200
200
200
200
200
200

Resolution
1024x1024 (** Resized)
1024x1024 (** Resized)
1024x1024 (** Resized)
1024x1024 (** Resized)
1024x1024 (** Resized)
1024x1024 (** Resized)
1024x1024 (** Resized)
1024x1024 (** Resized)

Figure 5. Sample INDECS Database images

2.3.2. ImageCLEFmed Dataset [29]
ImageCLEF is the cross-language image retrieval track which is run as part of the Cross
Language Evaluation Forum (CLEF) [30]. ImageCLEF has participation from both academic and
commercial research groups worldwide from communities including: Cross-Language
Information Retrieval (CLIR), Content-Based Image Retrieval (CBIR) and user interaction. In
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their medical retrieval task, we find several datasets available: 2005, 2006, 2007, and 2010 (that
features an augmented version of the 2008 and 2009 datasets).
Currently, we just received access to the 2005, 2006 and 2007 datasets. The 2005 dataset
consists of 10,000 radio graphs that can be fitted in a 512 x 512 pixels bounding box. From these
10,000 images, we have that 9,000 of them are categorized in 57 different categories; the
remaining 1000 images are to be used for testing since they are uncategorized. For the 2006 and
2007 datasets the number of categories doubled to 116 and the number of images increased by
one thousand each year. As of now, the 2010 dataset (which we still need to gain access to),
features over 77,000 images [31].
This dataset compiles anonymous radiographs, which have been arbitrarily selected from
routine at the Department of Diagnostic Radiology, Aachen University of Technology (RWTH),
Aachen, Germany. The images in this dataset present different ages, genders, view positions and
pathologies. This makes some of them very different from each other, but in some cases very
similar to some of our Solar Data. We plan to select several different classes from the 2005
dataset that offer the most consistent type of images and create an equally balanced dataset that
will allow us to present a comparison, between the three proposed datasets, of performance and
accuracy of our framework.

Figure 6. Sample ImageCLEFmed images

2.4 Deliverables
The framework outlined in this document will be made available for download in
through the author’s website. The CBIR system for the Solar Dynamics Observatory will
be fully delivered on a CD-ROM after the completion of this work.
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3. Background Information
For this section we have separate the way we present our literature review and
background information with regards our domain-specific application and the main components
incorporated to our framework.
3.1. Activity in the solar community
In recent years, multiple attempts were made to automatically identify specific types of
phenomena from solar images. Zharkova et al. [10] using Neural Networks, Bayesian
interference, and shape correlation, have detected phenomena including sunspots, flares and,
coronal mass ejections. Zharkova and Schetinn [32] have trained a neural network to identify
filaments within solar images. Wavelet analysis was used by Delouille [33] along with the
CLARA clustering algorithm to segment mosaics of the sun. Irbah et al. [34] have also used
wavelet transforms to remove image defects (parasite spots) and noise without reducing image
resolution for feature extraction. Bojar and Nieniewski, [35] modeled the spectrum of the discrete
Fourier transform of solar images and discussed various quality measures. However, we are not
aware of any single technique reported as effective in finding a variety of phenomena and no
experiments have been performed on the size of repository even comparable to the dataset we
will have to deal with.
Automatically detecting individual phenomena in solar images has become a popular
topic in recent years. Zharkova et al. [10] discuss several methods for identifying features in solar
images including Artificial Neural Networks, Bayesian interference, and shape correlation
analyzing five different phenomena: sunspots, inference, plage, coronal mass ejections, and
flares. Automatic identification of flares, on the SDO mission, will be performed by an algorithm
created by Christe et al. [36] which works well for noisy and background-affected light curves.
This approach will allow detection of simultaneous flares in different active regions. Filament
detection for the SDO mission will be provided by the “Advanced Automated Filament Detection
and Characterization Code” [37]. The algorithm goes beyond the typical filament identification, it
determines its spine and orientation angle, finds its magnetic chirality (sense of twist), and tracks
it from image to image for as long as they are visible on the solar disk. Additionally, if a filament
is broken up into two or more pieces it can correctly identify them as a single entity. As for the
coronal jet detection and parameter determination algorithms, they will work on data cubes
covering a box enclosing the bright point and extending forward in time. SDO methods for
determining the coronal jet parameters are described in detail in [38]. Oscillations on the SDO
pipeline will be detected using algorithms presented on [39] and [40] that consist of Wavelet
transform analysis. In order to detect active regions the SDO pipeline will use the Spatial
Possibilistic Clustering Algorithm (SPoCA) that was developed by Barra et al., this algorithm
produces a segmentation of EUV solar images into classes corresponding to active region,
coronal hole and quiet sun.
As we can clearly see, the majority of currently popular approaches deal with the
recognition of individual phenomena and a few of them have demanding computational costs, not
until recently Lamb et al. [9] discussed creating an example based Image Retrieval System for the
TRACE repository. This is the only attempt, we are aware of, that involves trying to find a variety
of phenomena, with expectation of building a large-scale CBIR system for solar physicists.

12

3.2. Image descriptors/parameters
Based on our literature review, we decided that we would use some of the most popular
image parameters used in different fields such as medical images, text recognition, natural scene
images and traffic images [6, 41, 42, 43, 44, 45, 46, 47, 48, 49, 51, 52, 53], as a common
denominator the usefulness of all these image parameters have shown to be very domain
dependent.
The ten image parameters that we have included as a default in our framework are: the
Mean intensity, the Standard Deviation of the intensity, the Third Moment and Fourth Moment,
Uniformity, Entropy, and Relative Smoothness, Fractal Dimension [54], as seen in table 3, and
two Tamura texture attributes: Contrast and Directionality [55].
Name

Table 3: Extracted Image Texture Parameters
Equation [11]
1 L −1
∑ zi
L i =0

(1)

1 L −1
2
∑ ( zi − m )
L i =0

(2)

Third Moment

µ3 = ∑i = 0 ( zi − m )3 p ( zi )

(3)

Fourth Moment

µ 4 = ∑i = 0 ( z i − m ) 4 p ( z i )

(4)

m=

Mean
Standard Deviation

Relative Smoothness (RS)

σ =

L −1

L −1

R =1−

1
1 + σ 2 (z)

(5)

Entropy

E = −∑ i = 0 p ( z i ) log 2 p ( z i )

(6)

Uniformity

U = ∑i =0 p ( z i ) p 2 ( z i )

(7)

log N (∈)
1
log
∈

(8)

Fractal Dimension [54]

L −1

L −1

D 0 = lim
∈→ 0

Where L stands for the number of elements in the image represented as a vector and z represents a particular element in
this matrix. The Fractal Dimension is calculated based on the Box Counting dimension [54], where є is size of the
boxes.

In [55] the authors propose six texture features corresponding to human visual
perception: coarseness, contrast, directionality, line-likeness, regularity, and roughness. From
experiments used to test the significance of these features with respect to human perception, it as
concluded [6] that the first three features are very important.
The Gabor Vector was calculated by computing signatures based on Gabor texture filter.
This signature is an estimate of the amount of the texture energy passes through the Gabor filter
of a given frequency. In our experiment we used seven different frequencies
The values produced by our texture feature extraction formulas are not influenced by different
orientations of the same kinds of phenomena in different images [56]. Values for these features
can also be extracted from the images quickly [9].
3.3. Unsupervised Attribute Evaluation
Automatic methods for image parameter selection have been proposed in [57, 58].
However, these automatic methods do not directly explain why features are chosen. The method
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proposed in [6] analyses correlations between the values of the parameters themselves, and
instead of automatically selecting a set of features, provides the user with information to help
them select an appropriate set of features.
To analyze the correlation between different image parameters, we evaluate the
correlation between the Euclidean distances d(q,X) obtained for each image parameter of each of
the images X from the our benchmark given a query image q. For each pair of query image q and
database image X we create a vector (d1(q,X), d2(q,X), . . . dm(q,X), . . . dM(q,X)) where dm(q,X) is
the distance of the query image q to the benchmark image X for the mth image parameter, and M
is the total number of image parameters. Then we calculate the correlation between the dm over all
queries q = {q1, . . . , ql, . . . qL} and all images X = {X1, . . . ,Xn, . . . ,XN}.
The M×M covariance matrix, denoted as Σij of the dm is calculated over all N database images and
all L query images as:
1 N L
(1)
∑ ij =
∑ ∑ ( d i (q l , X n ) − µ i ) ⋅ d j ( ql , X n ) − µ j )
NL

n =1

with µi =

l =1

1 N
∑
NL n =1

L

∑ d (q , X
i

l

n

(2)

)

l =1

Given the covariance matrix ∑ij, we calculate the correlation matrix R as Rij =

∑ij

(3)

∑ii ∑ jj

The entries of this correlation matrix can be interpreted as similarities of different
features. A high value Rij means a high similarity between features i and j. This similarity matrix
can then be analyzed to find out which of our parameters have highly correlated values and which
do not.
3.4. Supervised Attribute Evaluation
Chi Squared: This method evaluates the worth of an attribute by computing the value of the chisquared distribution with respect to the class [59].
Gain Ratio: This method valuates the worth of an attribute by measuring the gain ratio with
respect to the class [60]. This method biases the decision tree against considering attributes with a
large number of distinct values. Solving the weakness presented by the information gain method
that when applied to attributes that can take on a large number of distinct values might memorize
training set too well.
Info Gain: This method evaluates the worth of an attribute by measuring the information gain
with respect to the class [59]. Like previously mentioned a notable problem occurs when
information gain is applied to attributes that can take on a large number of distinct values.
3.5. Dissimilarity Measures
We selected twelve dissimilarity measures to use for comparison purposes. Based on our
literature review, we believe that the measures selected are widely used in image analysis and
produce good results when applied to images in other domains [61, 62, 63]. Since we work on
very similar image data we decided to investigate different measures in order to verify how well
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they differentiate our images between our solar phenomena classes and mark similarities within
the classes themselves. We will address this later in our experiment section, where we present
plots of dissimilarity matrices.
For the first eight measures given an m-by-n data matrix X (in our case it contains
m=1600 histograms and n=64 bins), which is treated as m (1-by-n) row vectors x1, x2, ..., xm, the
various distances between the vector xs and xt are defined as follows:
Euclidean distance [12]: Defined as the distance between two points give by the Pythagorean
Theorem. Special case of the Minkowski metric where p=2.

Dst = ( xs − xt )( xs − xt )'

(4)

Standardized Euclidean distance [12]: Defined as the Euclidean distance calculated on
standardized data, in this case standardized by the standard deviations.

Dst = ( xs − xt )V −1 ( xs − xt )'

(5)

Where V is the n-by-n diagonal matrix whose jth diagonal element is S(j)2, where S is the vector of
standard deviations.
Mahalanobis distance [12]: Defined as the Euclidean distance normalized based on a covariance
matrix to make the distance metric scale-invariant.

Dst = ( xs − xt )C −1 ( xs − xt )'

(6)

Where C is the covariance matrix
City block distance [12]: Also known as Manhattan distance, it represents distance between
points in a grid by examining the absolute differences between coordinates of a pair of objects.
Special case of the Minkowski metric where p=1.
n

Dst = ∑ xsj − xtj

(7)

j =1

Chebychev distance [12]: Measures distance assuming only the most significant dimension is
relevant. Special case of the Minkowski metric where p = ∞.

{

Dst = max j xsj − xtj

}

(8)

Cosine distance [64]: Measures the dissimilarity between two vectors by finding the cosine of the
angle between them.

Dst = 1 −

xs xt '
( xs xs ' )( xt xt ' )

(9)

Correlation distance [64]: Measures the dissimilarity of the sample correlation between points as
sequences of values.
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Dst = 1 −

( xs − xs )( xt − xt )'
( xs − xs )( xs − xs )' ( xt − xt )( xt − xt )'

Where xs =

(10)

1 n
1 n
x
and
x
=
∑ sj
∑ xtj
t
n j =1
n j =1

Spearman distance [65]: Measures the dissimilarity of the sample’s Spearman rank [25]
correlation between observations as sequences of values.

Dst = 1 −

(r s − rs )(rt − rt )'
(r s − rs )(rs − rs )' (r t − rt )(rt − rt )'

(11)

Where rsj is the rank of xsj taken over x1j, x2j, ...xmj, rs and rt are the coordinate-wise rank vectors of
xs and xt, i.e., rs = (rs1, rs2, ... rsn) and rs =

1 n
(n + 1)
1 n
(n + 1)
, rt = ∑ rtj =
rsj =
∑
2
2
n j =1
n j =1

Since our focus is on comparing image histograms, we present the next for measures in
terms of histograms.
Hausdorff Distance [15]: Intuitively defined as the maximum distance of a histogram to the
nearest point in the other histogram.

DH ( H , H ' ) = max{sup inf d ( x, y ), sup inf d ( x, y )}
x∈H y∈H '

y∈ H ' x∈ H

(12)

Where sup represents the supremum, inf the infimum, and d(x,y) represents any distance measure
between two points, in our case we used Euclidean distance.
Jensen–Shannon divergence (JSD) [13]: Also known as total divergence to the average, Jensen–
Shannon divergence is a symmetrized and smoothed version of the Kullback–Leibler divergence.
n

JD ( H , H ' ) = ∑ H m log
m =1

2H m
2 H 'm
+ H 'm log
H m + H 'm
H 'm + H m

(13)

χ 2 distance [92]: Measures the likeliness of one histogram being drawn from another one.
n

H m − H 'm
m =1 H m + H 'm

χ 2 (H , H ') = ∑

(14)

Kullback–Leibler divergence (KLD) [14]: Measures the difference between two histograms H
and H’. Often intuited as a distance metric, the KL divergence is not a true metric since the KL
divergence from H to H’ is not necessarily the same as the KL divergence from H’ to H.
n

KL( H , H ' ) = ∑ H m log
m =1

Hm
Hm

(15)
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Since this is the only non-symmetric measure we used for this work. We treated it as a
directed measure and considered H-H’ and H’-H as two different distances.
3.6. Dimensionality reduction
Some comparisons between dimensionality reduction methods for image retrieval have
been performed in the past [66, 67, 68, 69, 70], but none of them report results on solar image
data. However, these works constantly encounter the fact that results are very domain-specific
and that performance of the non-linear versus linear dimensionality reduction methods has been
shown to be dependent of the nature of the dataset (natural vs. artificial) [71]. Most of these
works also determine that PCA is in general one of the best performing dimensionality reductions
methods when compared to non-linear dimensionality reduction methods.
Based on our literature review, we decided to utilize four different linear and four nonlinear dimensionality reduction methods. Based on previous works [67, 70, 71] linear
dimensionality reduction methods have been proved to perform better than non-linear methods in
most artificial datasets and some natural datasets, however all these results have been domain
dependent. Classical methods like PCA and SVD are widely used as benchmarks to provide a
comparison versus the newer non-linear methods. We selected our eight different methods based
on their popularity in the literature, the availability of a mapping function or method to map new
unseen data points into the new dimensional space, computational expense, and the particular
properties of some methods such as the preservation of local properties between the data and the
type of distances between the data points (Euclidean versus geodesic).
3.6.1. Linear dimensionality reduction methods
Principal Component Analysis (PCA) [16]
PCA is defined as an orthogonal linear transformation that transforms data into an
artificial space such that the greatest variance by any projection of the data comes to lie on the first
principal component, and so on.
For a data matrix, MT, where each row represents a different observation on the dataset,
and each column contains the variables, the PCA transformation is given by:

Y T = M TU = V ∑T

(16)

Where the matrix Σ is an m-by-n diagonal matrix with nonnegative real numbers on the
diagonal and UΣ VT is the singular value decomposition of M.
Singular Value Decomposition (SVD) [72]
Defined for a m-by-n matrix M as the factorization of the form:

M = U ∑V T

(17)

Where U is an m-by-m unitary matrix, the matrix Σ is m-by-n diagonal matrix with
nonnegative real numbers on the diagonal, and VT denotes the conjugate transpose of V, an n-by-n
unitary matrix.
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Normally, the diagonal entries ∑i,i are ordered in a descending way. This diagonal matrix
∑ is uniquely determined by M and the diagonal entries are the singular values of M. The columns
of V form a set of orthonormal input basis vector directions for M. (The eigenvectors of MTM.) The
columns of U form a set of orthonormal output basis vector directions for M. (The eigenvectors of
MMT )
NOTE: The main difference from a practical point of view, between PCA and SVD is that SVD is
directly applied to an m-by-n matrix (i.e. m-by-n long feature vectors), while in PCA, SVD is
applied to a covariance matrix (n-by-n). This results with the starting matrix being different in
each case.
Locality Preserving Projections (LPP) [73]
LPP generates linear projective maps by solving a variational problem that optimally
preserves the neighborhood structure of a dataset. These projections are obtained by embedding
the optimal linear approximations to the eigenfunctions of the Laplace Beltrami operator on the
manifold. The resulting mapping corresponds to the following eigenvalue problem:

MLM T w = λMDX T w

(18)

Where L is the Laplacian matrix, (i.e. D – S, where S corresponds to the similarity values
defined, and D is a column matrix which reflects how important certain projections are). The more
data points that surround a given point, the more importance they have, preserving locality. LPP is
defined everywhere in the ambient space, not only on the training data points like Isomaps, LLE,
and Laplacian Eigenmaps. LPP is also capable of discovering a nonlinear structure of the data
manifold; therefore it can approximate non-linear methods in a faster and more practical way to
compute.
Factor Analysis (FA) [74]
FA is a statistical method used to describe variability among observed variables in terms
of a potentially lower number of unobserved variables called factors. The observed variables are
modeled as linear combinations of the potential factors, plus error terms. The information gained
about the interdependencies between observed variables is used later to reduce the set of variables
in a dataset, achieving dimensionality reduction.
To perform FA we compute the maximum likelihood estimate of the factor loadings
matrix Λ in the factor analysis model

M = µ + Λf + e

(19)

Where M is the m-by-n data matrix, µ is a constant vector of means, Λ is a constant m-by-n
matrix of factor loadings, f is a vector of independent and standardized common factors, and e is a
vector of independent specific factors. M, µ, and e are of length m. f is of length n.
FA is related to PCA since PCA performs a variance-maximizing rotation of the variable
space, taking into account all variability in the variables. On the other hand, factor analysis
estimates how much of the variability is due to common factors.
3.6.2. Non-linear dimensionality reduction methods
Kernel PCA [75]
Kernel PCA computes the principal eigenvectors of the kernel matrix, rather than those of
the covariance matrix. The reformulation of PCA in kernel space is straightforward, since a kernel
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matrix is similar to the inner-product of the data points in the high dimensional space that is
constructed using the kernel function. The application of PCA in the kernel space provides Kernel
PCA the property of constructing nonlinear mappings.
Kernel PCA computes the kernel matrix K of the data-points xi. The entries in the kernel
matrix are defined by

k i , j = ( xi , x j )

(20)

Where kj,i is a kernel function. Then the kernel matrix K is centered by subtracting the
mean of the features in traditional PCA. Then the principal d eigenvectors vi of the centered kernel
matrix are computed. Finally, the eigenvectors of the covariance matrix αi in the high-dimensional
space constructed by k can now be computed by (6), since they are related to the eigenvectors vi of
the matrix K.

αi =

1

λi

Mvi

(21)

To obtain the low-dimensional data representation, the data is projected onto the
eigenvectors of the covariance matrix αi. The entries of Y, the low dimensional representation are
given by:
n
n

yi = ∑ α 1j k ( x j , xi ),...., ∑ α dj k ( x j , xi )
j =1
 j =1


(22)

Where α1j indicates the jth value in the vector α1 and k is the kernel function used in the
computation of the kernel matrix.
Since Kernel PCA is a kernel-based method, the mapping performed by Kernel PCA relies
on the choice of the kernel function k. For this work we utilized a Gaussian kernel.
Isomap [76]
Isomap preserves pair-wise geodesic distances between data points. The geodesic
distances between the data points xi of M are calculated by constructing a neighborhood graph G,
in which every data point xi is connected with its k nearest neighbor’s xij in the dataset M. The
shortest path between two points in the graph forms a good estimate of the geodesic distance
between these two points, and can easily be calculated forming a pair-wise m-by-m geodesic
adjacency matrix. The low-dimensional representations yi of the data point’s xi in the lowdimensional space Y are computed by applying multidimensional scaling (MDS) [29] on the
resulting m-by-m geodesic adjacency matrix.
Locally-Linear Embedding (LLE) [18]
Similarly to Isomap, LLE constructs a graph representation of the data points and attempts
to preserve the local properties of the data allowing for successful embedding of non-convex
manifolds. In LLE, the local properties of the data are constructed by writing linear combinations
of the nearest neighbors of the data points. In the low-dimensional representation of the data, this
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method retains the reconstruction weights in the linear combinations. The method writes the local
properties of the manifold around a data point xi by writing the data point as a linear combination
Wi of its k nearest neighbors xij, by fitting an hyperplane through the data point xi and its nearest
neighbors assuming that the manifold is locally linear. This local linearity assumption implies that
the reconstruction weights Wi of the data points xi are invariant to translation, rotation, and
rescaling. If the low-dimensional data representation preserves the local geometry of the manifold,
the reconstruction weights Wi that reconstruct data point xi from its neighbors in the highdimensional representation also reconstruct data point yi from its neighbors in the low-dimensional
representation. Therefore finding the d dimensional data representation Y depends on minimizing
the cost function
k

φ (Y ) = ∑ ( y i − ∑ wij y ij ) 2
i

(23)

j =1

Where yi is a data point in the low dimensional representation and wij is a reconstruction
weight.
Laplacian Eigenmaps (LE) [17]
LE is another method that preserves the local properties of the manifold to produce a lowdimensional data representation. These local properties are based on the pair-wise distances
between k nearest neighbors. LE computes a low-dimensional representation of the data
minimizing the distances between a data point and its k nearest neighbors. The contribution of
each distance depends on the proximity of the particular nearest neighbor to the data point.
The LE algorithm first constructs a neighborhood graph G in which every data point xi is
connected to its k nearest neighbors. The weights of the edges on the connected data points of G
are computed using the Gaussian kernel function, resulting in an adjacency matrix W. The
computation of the degree matrix M and the graph Laplacian L of the graph W allows for the
formulation of the minimization problem (needed to compute the low-dimensional representations)
as an eigenproblem. The degree matrix M is a diagonal matrix, of which the entries consist of the
row sums of W. The Laplacian L of the graph is computed by L = M − W. The low-dimensional
representation Y can be found by solving the generalized eigenvalue problem:

Lv = λMv

(24)

For the d smallest nonzero eigenvalues, where d is the number of desired dimensions for
Y. The d eigenvectors vi corresponding to the smallest nonzero eigenvalues form the lowdimensional representation Y.
3.7. Indexing techniques
3.7.1. Single-Dimensional Indexing for Multi-Dimensional Data
B+ Trees
B+ Trees are indexing structures that represent sorted data allowing for efficient
insertion, retrieval and deletion of records, each identified by a key. The B+ Tree is dynamic and
multilevel, having maximum and minimum bounds on the number of keys in each index segment.
In contrast to a B-tree, all records are stored at the leaf level of the tree; only keys are stored in
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interior nodes. The notion of the B+ Trees was first brought up by Corner [77], as an interesting
alternative for B Trees, but it was never introduced as a formal concept.
Due to the popularity and efficiency of B+ Trees, they have been implemented in many
relational database management systems for table indices, such as: IBM DB2, Informix,
Microsoft SQL Server, Oracle 8, PostgreSQL, MySQL and SQLite.
B+ Trees have been mainly utilized to index one-dimensional data; however, many of the
high-dimensional indexing techniques employ B+ Trees after they have broken down the
dimensionality of the dataset into segments that can be indexed by a B+ Tree [78, 80, 81, 82, 83].
iDistance [78, 79]
iDistance is an indexing and query processing technique for k-nearest neighbor queries
on point data in multi-dimensional metric spaces. The algorithm is designed to process kNN
queries in high-dimensional spaces efficiently and it is especially good for skewed data
distributions, which usually occur in real-life data sets.
In order to build the iDistance index, there are two steps involved:
1) A certain number of reference points in the original data space are chosen by using
cluster centers as reference points, since according to the author’s research [78, 79] this is
the most efficient way of doing so.
2) The distance between a data point and its closest reference point is calculated (using
the Euclidean distance), this distance plus a scaling value is then called the iDistance.
In this way, we observe that points in a multi-dimensional space are mapped to onedimensional values allowing us to use a B+-tree can to index these points using the iDistance as
the key.
To process a kNN query, the query is mapped to several one-dimensional range queries
that can be processed efficiently on a B+-tree. A query Q is mapped to a value in the B+-tree
while the kNN search sphere is mapped to a range in the B+-tree. The search sphere expands
gradually until the kNN’s are found corresponding to gradually expanding range searches in the
B+-tree. This iDistance technique can be viewed as a way of accelerating the sequential scan
since instead of scanning records from the beginning to the end of the data file, iDistance starts
the scan from places where the nearest neighbors can be obtained early with a very high
probability.
iMinMax [80]
iMinMax is an indexing and query processing technique that focuses on “indexing on the
edge”. The edge refers to the maximum or minimum values among all the dimensions of said
data point. iMinMax(θ) uses either the values of the Max edge (the dimension with the maximum
value) or the values of the Min edge (the dimension with the minimum value) as the
representative index keys for the points. Because the transformed values can be ordered and range

21

queries can be performed on the transformed (single dimensional) space, we can employ single
dimensional indexes to index the transformed values.
iMinMax(θ) uses a very simple mapping function that is computationally inexpensive.
The data point x is mapped to a point y over a single dimensional space in the following manner:

d min + xmin if xmin + θ < 1 − xmax
y=
d max + xmax otherwise

(25)

Where θ is a real number playing an important role in influencing the number of points
falling on each index hyper plane.
This transformation actually splits the (single dimensional) data space into different
partitions based on the dimension which has the largest value or smallest value, and provides an
ordering within each partition. The configurable feature (the θ) of iMinMax facilitates the
adaptation of data sets featuring different types of distributions (uniform or skewed). In cases
where data points are skewed toward certain edges, we may “scatter" these points to other edges
to evenly distribute them by making a choice between dmin and dmax.
As for querying, the queries on the original space need to be transformed. For a given
range query, the range of each dimension is used to generate a particular range sub-queries on
that dimension. The union of the answers from all sub-queries provides a candidate answer set
from which the query answers can be obtained. iMinMax's query mapping function facilitates
effective range query processing because the search space on the transformed space contains all
answers from the original query. The number of points within a search space is reduced allowing
some of the sub-queries to be pruned away without being evaluated.
UB-Trees [81]
First introduced by Rudolf Bayer and Volker Markl [81], the UB-Tree is a balanced tree
for storing and efficiently retrieving multidimensional data. With its foundation on B+ trees, since
the information is only stored in the leaves, the records are stored using a Z-order, also called
Morton order. This Z-order is calculated by bitwise interlacing of the keys. Insertion, deletion,
and point queries are performed in the same ways as B+ trees. To perform range searches in
multidimensional point data, there is an algorithm that calculates based on a point encountered in
the database, the next Z-value which is in the multidimensional search range.
Originally to solve this key problem the computational time was exponential with respect
to the dimensionality hence very computationally expensive [81]. A proposed solution to the
problem that is linear with the z-address bit length was described in [84].
Pyramid-trees [83]
Pyramid-trees map a d-dimensional point into a 1-dimensional space and use a B+-tree to
index the 1-dimensional space. In Pyramid trees, queries have to be translated in a similar
fashion, in the data pages of the B+-tree, Pyramid-trees stores both the d-dimensional points and
the 1-dimensional key. This allows Pyramid Trees to not require inverse transformation and the
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refinement step can be performed without look-ups to another file or structure. This mapping is
called Pyramid-mapping and it’s based on a partitioning strategy that is optimized for range
queries on high-dimensional data. The basic idea of this Pyramid-mapping is to divide the data
space in a way that the resulting partitions are shaped like peels of an onion, allowing them to be
indexed by B+-trees in a very efficient manner.
Pyramid-trees are one of the only indexing structures known that are not affected by the
“curse of dimensionality”, meaning that for uniform data and range queries, the performance of
Pyramid-trees gets even better if one increases the dimensionality, in [85] there is an analytical
explanation of this occurrence.
3.7.2. Multi-Dimensional Indexing

R-trees [86]
R-trees are indexing data structures that are similar to B-trees, but are used for indexing
multi-dimensional information. R-trees split space with hierarchically nested, Minimum
Bounding Rectangles (MBRs). Overlapping between regions in different branches is allowed, but
they deteriorate the search performance. This is a problem that becomes more evident as the
number of dimension increases [87]. The region description of an MBR comprises for each
dimension a lower and an upper bound. Thus, 2-d floating point values are required.
Due to this overlapping problem, several improvements over the original R-tree
algorithm have been proposed in order to address these performance issues. We will discuss two
of these improvements (R+-trees and R*-trees) and their advantages in the next few paragraphs.
The R+-tree [88] is an overlap-free variant of the R-tree. In order to guarantee no overlap,
the splitting algorithm is modified by a forced-split strategy. In this strategy, the child pages
which are an obstacle in overlap-free splitting of some pages are simply cut into two pieces at a
particular position. This might require that these forced splits must be propagated down until the
data page level is reached, allowing the number of pages to exponentially increase from level to
level. This extension of the child pages is not much smaller than the extension of the parent page
if the dimensions in the data are sufficiently high.
Allowing many forced split operations, the pages which are subject to a forced split, are
split, although no overflow has occurred, this results in the pages being utilized by less than 50%.
The more forced splits that are required, the more the storage utilization of the complete index
will deteriorate.
The R*-tree [89] attempts to reduce both coverage and overlap problems by using a
combination of a revised node split algorithm and the concept of forced re-insertion at node
overflow. Based on the observation that R-tree structures are highly susceptible to the order in
which their entries are inserted, an insertion-built structure is not likely to be optimal. The
deletion and re-insertion of entries allows them to locate a position in the tree that may be more
optimal than their original location.
When a node overflows, a portion of its entries are removed from the node and reinserted into the tree, to avoid an indefinite cascade of reinsertions caused by subsequent node
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overflow, the reinsertion routine may be called only once in each level of the tree when inserting
any new entry. This produces more well-clustered groups of entries in nodes and reduces the node
coverage. Actual node splits are often postponed, causing the average node occupancy to rise. Reinsertion can be seen as a method of incremental tree optimization triggered on node overflow.
This provides a significant improvement over previous R-tree variants, but the overhead comes
because of the reinsertion method.
Empirical analyses [87, 90] show that R-trees, R+-trees, and R*-trees do not perform well
when indexing high-dimensional data sets (i.e. more than four dimensions). The main problem
with R-tree-based indexes is that the overlap of the bounding boxes in the directory increases
with growing dimension, quickly creating problems when querying in these overlapping
bounding boxes.
TV-trees [91]
TV-Trees are designed particularly for real data sets subject to the Karhunen-Loeve
Transform, which is a dimensionality reduction technique that preserves distances and eliminates
linear correlations. Such data sets yield high variance allowing for a good selectivity in the first
few dimensions (principal components) while the last few dimensions are of minor importance
since very little of the variance is left in them.
Regions of the TV-tree are described using vectors that might be dynamically shortened
called Telescope Vectors (TV). A region has k inactive dimensions and α active dimensions. The
inactive dimensions form the greatest common prefix of the vectors stored in the subtree. The
extension of the region is zero in inactive dimensions, in the α active dimensions, the region has
the form of an Lp-sphere, where p may be 1, 2 or ∞. Allowing the region to have an infinite
extension in the remaining dimensions, which might be active in the lower levels of the index, or
have minor importance for query processing.
The region descriptor has α floating point values for the coordinates of the center point in
the active dimensions and one floating point value for the radius. The coordinates of the inactive
dimensions are stored in higher levels of the index (exactly in the level where a dimension
changes from active into inactive). The concept of telescope vectors increases the capacity of the
directory pages.
X-trees [87]
X-trees are based on the R-trees family, but they differ in that the X-tree emphasizes
prevention of overlap in the bounding boxes, a problem that increases in high dimensions. In the
cases where the nodes cannot be split without preventing overlap, the node split will be delayed,
this results in super-nodes. In a worst-case scenario, the tree will linearize, allowing it to perform
better than other worst-case scenarios observed in some other data structures.
The primary modification to R*-trees, the splitting algorithm, works as follows: In case
of a data page split, the X-trees use the R*-tree split algorithm or any other topological split
algorithm. In case of directory nodes, the X-trees try to split the node using a topological split
algorithm, if this split results in highly overlapping Minimum Bound Rectangles (MBR), the X-
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trees apply the overlap-free split algorithm based on the split history. If this leads to an
unbalanced directory then the X-tree creates a super-node.
X-trees show a high performance gain compared to R*-trees for all query types in
medium dimensional spaces [87]. For a small number of dimensions, X-Trees show a behavior
nearly identical to R-trees. For higher dimensions, X-trees have to visit so large a number of
nodes that a linear scan is considered less expensive.
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