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Abstract

Dimension reduction is very useful for analyzing medical images such as magnetic resonance imaging (MRI)
or computer tomography (CT), which are generally of high dimensions. All of these dimensions are not use-
ful for analysis, and may even be confusing. The high dimensions of medical images lead to the generation
and development of dimensionality resuction techniques to disassemble sub-information or to increase the
accuracy of interpretation. With this view, each image is supposed to be in the upper dimension, each pixel
adding a dimension to the space Its purpose is to discover hidden data structures in lower dimensions, so that
the local data structure is maintained. Nonlinear behavior of manifold eliminates the problems of linear tech-
niques such as principal component analysis (PCA). This dissertation examines how to use the manifold for
analyzing the spine MRI. And since each MRI image with a high dimension has a number of discs, the nor-
mal and unnormal discs are distinguished by the use of the manifold learning methods. In addition to obtain-
ing the proper features, using these algorithms, the inherent parameters of the system, which are the main
source of data differentiation, are identified, and the whole set is on a manifold that expresses the true rela-
tion of the parameters. In this way, communication between data is expressed in a less dimensional space. To
do this, two algorithms, the first one, are used to extract the properties and the second feature by adding man-
ifold data to the properties. They are then detected and categorized using a proper classifier of healthy and
defective disks. After reviewing the results, it was concluded that the implementation of the manifold learn-
ing algorithms on MRI images in the detection of a normal disk in comparison with detection methods will
only have a significant effect on the extraction of the attribute. The results of the proposed algorithm for de-
tecting disk anomalies using the 67% extraction feature and using the extraction feature, along with the use of
the manifesto is 84%. As it is evident, the benefit of Manifold to increase the accuracy of the diagnosis of the
disease. Considering that the characteristics obtained in this study are very simple by using the disk shape
compared to the features used in the same disk detection methods, comparing results of the proposed algo-
rithm with 84% and the results obtained with other methods is less than 93% The pioneer of this is that the
results of the proposed algorithm are close to them, and if we use the exact properties of the similar methods
and the use of the manifold, we will obtain a very high and significant accuracy.

Key Words

Nonlinear dimentonality reduction method, Manifold learning, Diagnosis of Degenerative
Disc, MRI images
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