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This paper describes the feature selection and extraction mining
functions. Oracle Data Mining supports a supervised form of feature
selection and an unsupervised form of feature extraction.
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1. Introduction
Sometimes too much information can reduce the
effectiveness of data mining. Some of the columns of
data attributes assembled for building and testing a
model may not contribute meaningful information to
the model. Some may actually detract from the
quality and accuracy of the model.
For example, you might collect a great deal of
data about a given population because you want to
predict the likelihood of a certain illness within this
group. Some of this information, perhaps much of it,
will have little or no effect on susceptibility to the
illness. Attributes such as the number of cars per
household will probably have no effect whatsoever.
Irrelevant attributes simply add noise to the data
and affect model accuracy. Noise increases the size
of the model and the time and system resources
needed for model building and scoring.
Moreover, data sets with many attributes may
contain groups of attributes that are correlated. These
attributes may actually be measuring the same
underlying feature.
Their presence together in the build data can
skew the logic of the algorithm and affect the
accuracy of the model.
Wide data (many attributes) generally presents
processing challenges for data mining algorithms.
Model attributes are the dimensions of the processing
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space used by the algorithm. The higher the
dimensionality of the processing space, the higher the
computation cost involved in algorithmic processing
To minimize the effects of noise, correlation, and
high dimensionality, some form of dimension
reduction is sometimes a desirable preprocessing step
for data mining. Feature selection and extraction are
two approaches to dimension reduction.
 Feature selection — Selecting the most relevant
attributes
 Feature extraction — Combining attributes into a
new reduced set of features

2. Feature Selection
Oracle Data Mining supports feature selection in
the attribute importance mining function. Attribute
importance is a supervised function that ranks
attributes according to their significance in predicting
a target.
Finding the most significant predictors is the
goal of some data mining projects. For example, a
model might seek to find the principal characteristics
of clients who pose a high credit risk.
Attribute importance is also useful as a
preprocessing step in classification modeling,
especially for models that use Naive Bayes or
Support Vector Machine. The Decision Tree
algorithm includes components that rank attributes as
part of the model build.
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3. Data for Attribute Importance
Figure shows six columns and ten rows from the
case table used to build the Oracle Data Mining
sample attribute importance model, ai_sh_sample

Fig: 1 Sample Build Data for Attribute Importance

3.1 Color
The color feature is one of the most widely used
visual features in image retrieval. It is relatively
robust to background complication and independent
of image size and orientation.
In image retrieval, the color histogram is the
most commonly used color feature representation.
Statistically, it denotes the joint probability of the
intensities of the three color channels. Swain and
Ballard proposed histogram intersection, an L 1
metric, as the similarity measure for the color
histogram. To take into account the similarities
between similar but not identical colors, Ioka and
Niblack et al. introduced an L 2 -related metric in
comparing the histograms. Furthermore, considering
that most color histograms are very sparse and thus
sensitive to noise, Stricker and Orengo proposed
using the cumulated color histogram. Their research
results demonstrated the advantages of the proposed
approach over the conventional color histogram
approach.

4. Feature Extraction
Feature extraction is an attribute reduction
process. Unlike feature selection, which ranks the
existing attributes according to their predictive
significance, feature extraction actually transforms
the attributes. The transformed attributes, or features,
are linear combinations of the original attributes.
The feature extraction process results in a much
smaller and richer set of attributes. The maximum
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number of features is controlled by the
FEAT_NUM_FEATURES build setting for feature
extraction models.
Models built on extracted features may be of
higher quality, because the data is described by
fewer, more meaningful attributes.
Feature extraction projects a data set with higher
dimensionality onto a smaller number of dimensions.
As such it is useful for data visualization, since a
complex data set can be effectively visualized when
it is reduced to two or three dimensions.
Some applications of feature extraction are latent
semantic analysis, data compression, data
decomposition and projection, and pattern
recognition. Feature extraction can also be used to
enhance the speed and effectiveness of supervised
learning.
Feature extraction can be used to extract the
themes of a document collection, where documents
are represented by a set of key words and their
frequencies. Each theme (feature) is represented by a
combination of keywords. The documents in the
collection can then be expressed in terms of the
discovered themes.

4.1 Color Layout
Although the global color feature is simple to
calculate and can provide reasonable discriminating
power in image retrieval, it tends to give too many
false positives when the image collection is large.
Many research results suggested that using color
layout (both color feature and spatial relations) is a
better solution to image retrieval. To extend the
global color feature to a local one, a natural approach
is to divide the whole image into sub blocks and
extract color features from each of the sub blocks.
A variation of this approach is the quadtree
based color layout approach, where the entire image
was split into a quadtree structure and each tree
branch had its own histogram to describe its color
content. Although conceptually simple, this regular
sub block-based approach cannot provide accurate
local color information and is computation and
storage-expensive.

Fig: 2. Color layout for 300Px Image
Segmentation is very important to image
retrieval. Both the shape feature and the layout
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feature depend on good segmentation. In this
subsection we will describe some existing
segmentation techniques used in both computer
vision and image retrieval.
In Lybanon et al. researched a morphological
operation (opening and closing) approach in image
segmentation. They tested their approach in various
types of images, including optical astronomical
images, infrared ocean images, and magneto grams.
While this approach was effective in dealing with the
above scientific image types, its performance needs
to be further evaluated for more complex natural
scene images.

This approach is based on the fact that local
entropy maxima correspond to the uncertainties among
various regions in the image. This approach was very
effective for images whose histograms do not have
clear peaks and valleys. Other segmentation
techniques based on Delaunay triangulation, fractals,
and edge flow.

6. High Dimensional Indexing
To make the content-based image retrieval truly
scalable to large size image collections, efficient
multidimensional indexing techniques need to be
explored. There are two main challenges in such an
exploration for image retrieval. High dimensionality
the dimensionality of the feature vectors is normally
of the order of 10Non-Euclidean similarity measure.
Since Euclidean measure may not effectively simulate
human perception of a certain visual content, various
other similarity measures, such as histogram
intersection, cosine, correlation, need to be supported.

Fig: 3. Segmentation of an Image
In Hansen and Higgins exploited the individual
strengths of watershed analysis and relaxation
labeling. Since fast algorithm exists for the watershed
method, they first used the watershed to subdivide an
image into catchmen basins. They then used
relaxation labeling to refine and update the
classification of catchment basins initially obtained
from the watershed to take advantage of the relaxation
labeling’s robustness to noise.
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