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Abstract: Imaging has become an essential component in many fields. Medical images have made a 
great impact on medicine, diagnosis, and treatment. Medical image fusion has revolutionized medical 
analysis by improving the precision and performance in the acquired image. Neocortex analysis has 
become very crucial to target the state-of –the-art exactly and the accuracy of the alignment in the brain 
extraction. Brain extraction is an important step in the neuro image analysis. In this paper, Markov 
Random Field (MRF) segmentation technique and deep learning method called Hierarchical Temporal 
Memory (HTM) is used to target the state-of-the-art in the neuro analysis. In the first step of core-
processing the input image is applied with segmentation technique called Markov Random Field. The 
Markov Random Field is the strongest method of reducing noise in these given image. This MRF method 
will reduce the noise present in the source image. Also it restores the pixels in the noise-less image. To 
this noise-less image the Hierarchical Temporal Memory is used. Hierarchical Temporal Memory is the 
deep learning technique which is used to infer the cause and predict the cause in the novel image. The 
predicted result on the give image acquisition will be straightforwardto identify state-of -the-art for both 
human visualization as well as machine perception. Thus, the novel image has superiority with 
improved quality of image.  
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Introduction: Intracranial Neoplasm or Brain tumor is abnormal growth of cells in the brain. Brain is 
the most complicated part of our body. There are several ways to diagnose brain tumors, for example 
use MRI images. In MRI technique, brain is imaged on the basis of density of water in soft tissue which 
is higher compared to other tissues such as bone [21]. Tumors are classified on two bases: whether they 
are cancerous or not and their place of origin. The noncancerous form of the tumor is referred to as 
Benign. These are easily distinguishable and have a slow growth rate. Cancerous tumors are called 
Malignant. These are very aggressive and can be life threatening as these is hard to detect. Therefore, 
system of Computer Aided Diagnostic (CAD) is indispensable that will help radiologist in identifying 
and classifying brain tumors. Through the MRI images, the radiologist can see the brain anatomy 
without performing surgery. However, this process is still done manually and could lead to misdiagnose. 
An MRI scan uses the properties of magnetism and radio waves to produce accurate images. 
Neurosurgeons most commonly prescribe MRI’s as it provides them with sufficient information to 
detect even the smallest abnormalities. 
 
In Medical diagnosis, through Magnetic Resonance Images, robustness and accuracy of the prediction 
algorithms are very important, because the result is crucial for treatment of Patients. With the use of 
different segmentation techniques and feature extraction method, we can accurately detect the tumor. 
 
Deep Learning is one of the field in machine learning which concerned with algorithm inspired by 
structure and function of the brain called Artificial Neural networks .Neural networks are frequently 
used as a powerful discriminating classifier for tasks in medical diagnosis for early diseases detection. 
Hierarchical neural Memory is more accurate imitation of the only technique proven to be used to build 
up intelligence (brain). Hierarchical neural Memory learns unsupervised. In deep learning, everything is 
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a vector, i.e. everything is a point in a geometric space. To manage to build intelligent machine with 
neural network is to mimic high level architecture of the brain. Reusability makes it simple and scalable. 
Deep learning models are mathematical machines for uncrumpling complicated manifolds of high-
dimensional data. 
 
Methodology: 
Image Preprocessing: 
1) Gaussian filter: Gaussian filtering has been intensively studied in image processing and 
computer vision. Using a Gaussian filter for noise suppression in the image, the noise is smoothed out; 
at the same time the signal is also distorted. The use of a Gaussian filter as pre-processing for edge 
detection will identify the edge position displacement, edges vanishing, and phantom edges. In Gaussian 
filter the impulse response is a Gaussian function. It modifies the input signal by convolution with a 
Gaussian function. The Gaussian smoothing operator is a 2D convolution operator which can be used to 
"blur" the images and then removes noise and un-wanted detail. Gaussian smoothing can also be 
computed with a larger standard deviation by convolving image several times with smaller Gaussian. 
The ratio of smoothing can be determined by the standard deviation value of the Gaussian. The output 
value is a 'weighted average' of each pixel's neighborhood. 
 
Image Segmentation: 
1)  Markov Random Field: A natural way of incorporating spatial correlations into a segmentation 

process is to use MRF’s as a priori models. The MRF is a stochastic process that specifies the local 
characteristics of an image and is combined with the given data to reconstruct the true image. With 
the Markov random field segmentation algorithm it captures three features that are of necessary MR 
images, i.e., nonparametric distributions of tissue intensities, neighborhood correlations, and signal 
inhomo-geneities 

 
Feature Extraction: 
1) Hierarchical neural Memory : Hierarchical neural Memory are organized as a tree-shaped hierarchy of 
nodes, where each node implements a common learning and memory function. An HTM first learns to 
represent the most commonly occurring spatial patterns in its input. The following are steps taken to 
infer the state-of-the-art. 
1) Discovering causes in the image 
2) Inferring causes of novel input 
3) Making predictions 

 
HTM needs less data than neural network. It is trained neural network with images, which will depict 
some reference to the input image. From the reference and prediction it shows the novel image with 
well specified form of the state-of-the-art.  Reusability makes it simple and scalable. Temporality is 
important component of recognizing real world patterns.  HTM is naturally time-variant since it is state-
ful and context-dependent. It depicts the sequence-to-sequence variations in the image. 
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Figure 1: Workflow of HTM 

 
Conclusion: Medical Image Processing and are prominently used in discovering brain tumors from MRI 
Images. In this paper, we discover new approach for detecting tumor present in the MRI brain image. At 
first for Gaussian preprocessing technique is applied for the acquiesced image. To the filtered image core 
processing- Markov Random Field is applied to segment the brain image which has been enhanced MR 
images into meaningful clusters based on their intensities. With this deep learning technique called 
Hierarchical Temporal Memory is applied which produce and identifies the state-of -the-art in the MRI 
image. The predicted result on the give image acquisition will be straightforward to identify state-of -
the-art for both human visualization as well as machine perception. Thus, the novel image has 
superiority with improved quality of image.  
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