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Incipient Anomalous Detection in a Brain Using the IBIGP Algorithm

XinYi Tang, YuHang Zhang"
School of Science, Tianjin University, Tianjin 300072, China

Abstract: The detection of an incipient anomalous growth of tissue in a brain is often a difficult task. Various
algorithms for brain anomalous detection have been suggested abundantly in the existing literature. In the last decade,
many detection methods have been suggested to improve and facilitate abnormal tissue detection. However, the most
attractive techniques to many researchers are maybe those that are magnetic resonance imagery (MRI)-based algorithms.
A technique known as the inverse of the belonging individual Gaussian probability (IBIGP) is applied to MRI in this
work in order to mitigate incipient anomalous tissue detection in a brain. This study demonstrates that the IBIGP
technique, applied to the MRI image, is extremely effective in early detecting an anomalous change in the brain MRI
image. Although this technique is still in its infancy, it has a great potential to enhance brain anomalous early detection.
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Figure 1 Segmentation of Input Normal Brain Image into L Segments
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Figure 2 Modeling Process of Normal Image with Different Segments Length
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Figure 3 Illustration of the Core IBIGP Principle for Enhancing Rare Event Visibility (a) Gaussian Law and (b) Its
Corresponding Modified Inverse (IBIGP)
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Figure 4 Flowchart of the IBIGP Algorithm
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Figure 5 Baseline Reference Images for Normal Brain Tissue (a) the MRI before any Tissue Growth and (b) its
Corresponding IBIGP Image
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