Introduction

We propose the first of 1ts kind, fully conditional random
field (CRF)[1] based framework for structural-MRI-image
analysis

As a proof of concept, we applied a CRF based framework to
the brain tissue segmentation task for MRI images.

We applied our approach to standard brain image repository
data sets, and prove that it can generalize across datasets

Motivation

Atlas based approaches can fail to capture the
morphological changes that could result from brain diseases
such as brain cancer or Alzheimer's.

Probabilistic approaches are much better suited to this task
due to their ability to generalize to novel situations and
handle noise.

Experimental Methodology

Our experiments were designed to answer the following
questions:

Q1: How does the CRF-based approach compare against
atlas based MRI-image analysis methods?

Q2: How does the CRF-based approach compare against
atlas free MRI-image analysis methods?

Q3: How does the CRF based approach generalize across
different data sets?
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This 1s the first work on employing CRFs on per voxel based
analysis for MRI images. Results were superior to that of

atlas based methods while being comparable to the state-of-
the-art MRF based method.

When compared to the MRF method, we employ no domain
engineered features. We also demonstrated that the resulting
classifier allowed for generalization across multiple resolution

1mages.

Future Work

As a next step we hope to apply the CRF framework to other
MRI analysis problems. We hope to see 1f our method can
perform atlas free anatomical segmentation. Using the results
of the 1mage analysis for prediction of events such as onset of
Alzheimer's 1s another future possibility. The real impact of
automatic segmentation can be realized by combining their
output with powerful classifiers.
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