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ABSTRACT

In medical image processing related to the brain tumor, magnetic resonance (MR) images play
an important role to detect the tumor, but the specific segmentation of brain images is not easy
and one of the time consuming processes. An automatic process needed to detect the tumor in the
brain. Recently, many researchers have been working on brain tumor segmentation methods, but
there is still room for improvement. In this work the adaptive local adjustment method for
efficient segmentation of the brain tumor is improved. In medical image processing, one of the
parameters that affects accuracy is in homogeneity. The proposed Work Level Set procedure is
used to minimize the energy function. For this, the weighted sum of the neighboring pixels is
taken into account based on their comparable reputation. MR images are used to find the brain
tumor. Our method is compared with the other previous methods and it is found that our
proposed work gives better results. The results are compared based on the parameters of the
performance confusion matrix.

Keywords: Magnetic resonance (MRI), Brain tumor, segmentation

1. INTRODUCTION:

In medical image processing, field segmentation of magnetic resonance (MR) images is useful
for the detection of brain tumors; many researchers work in this area. The early detection of the
tumor becomes easier and this reduces the mortality rate. In automatic medical diagnostic
systems, MRI images provide good results compared to computed tomography. Depending on
their underlying starting point, cerebral tumors can be viewed as either essential brain tumors or
metastatic cerebral tumors. Essentially, the cells of the brain are tissue cells in which metastatic
cells become carcinogenic to another part of the body and spread to the brain. They are sorted as
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primary or secondary. An essential cerebral tumor starts in your head. Numerous essential brain
tumors come into consideration. Secondary brain tumor, also called metastatic brain tumor,
occurs when Malignant cells spread into your mind from another organ, such as your chest or
lungs. Detecting an early brain tumor is important in diagnosing it and providing appropriate
action. MR images are used in the detection of brain tumors. The segmentation of the MR
images is one of the crucial tasks. In medical image processing, the accuracy of cancer diagnosis
IS very important. Incorrect diagnostic results can get the patient into trouble. The results of
segmentation may vary from person to person who is an expert in the field. A computerized
framework for the detection of brain tumors should take less time and should place the MR
image of the brain more precisely than usual or tumorous. It should be stable and provide a
simple and easy-to-use framework for the radiologist. General block diagram for various
operations to be performed in the detection of brain tumors.

Input Image (MRI)

Preprocessing

Feature Extraction

Segmentation

Classification

Figure 1. General block diagram for the detection and classification of brain tumors

2. RELATED WORK

MRI is a productive method of finding, it includes attractive field and radio waves. The MRI
examination does not use radiation and is therefore harmless to the human body [1]. A brain
tumor is a collection or mass of abnormal cells in a brain. There are different types of brain
tumors, some are cancerous and some are non-cancerous [2]. Various methods have been
proposed for the detection and division of brain tumors. Suchendra et al. suggested progressive
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self-sorting, map-based multiscale image division, and used parallel fuzzy-C means and neuro-
fuzzy calculations for the segmentation of brain tumors. [3]. Many calculations have been
suggested in written work in order to achieve the division results precisely. The grouping-based
techniques are exceptionally competent, the image is portioned using bundling strategies such as
K-Means and Fuzzy C-Means. [4]

The computing time required is the main disadvantage of this algorithm. To identify tumor
thresholds, morphological operations, high pass filtering, histogram equalization, and
segmentation using associated component labeling were performed. A proposed methodology
that integrates fuzzy c-means clustering with a marker-driven watershed segmentation algorithm
separately for segmenting medical images and that integrates k-means clustering with a marker-
driven watershed segmentation algorithm. This is the two-stage process methodology [5]. Image
segmentation technique based on hierarchical clustering technologies, k-means and K-medioids
technologies, which have been suggested in some studies[6]. Color image segmentation using K-
medoids clustering is also proposed [7]. A method for segmenting brain tumors is validated on
the basis of two-dimensional MRI data that have been developed [8] and detected tumors are
also shown in a 3-dimensional view. Using the fuzzy clustering technique, tumors can be
recognized from MR images. This technique is suggested in [9]. The 3D variation segmentation
method was developed by [10]. Based on the region, the edge detection, the threshold value, the
image segmentation techniques are classified as vector quantization and hierarchical self
organizing map [11] in a 3-dimensional view [12]. Artificial intelligence is used for automated
tumor segmentation.

3. METHODOLOGY

MRI is one of the clinical imaging methods; by and large, radiologists use this for the interior
design of the human body perception. A mental behavior examination and an examination should
be possible depending on the MR images. The image division in MR images takes place in
fluctuating types, for example dark matter (GM), white matter (WM) and cerebrospinal fluid
(CSF). This is considered to be one of the most important concerns in MR image division. In the
clinical pictures, the classification can be based on local development strategies. This includes
using the introductory seed point selection from which the region will develop and locate the
proposed area of interest. Active Contour is also probably the most ideal choice for dividing
images. They are of different types.

3.1 WEIGHTED LEVEL SET EVOLUTION

For clinical image subdivision applications that depend on an active contour performed using
variation level setting techniques [20], a variety of image data, e.g., thickness, edge, or surface,
can be used to characterize a target work. Here we are using edge data as the main image, which
drives the advancing shape to the ideal limit.

We utilize the accompanying edge marker capacity to procure data about the powers of edges:
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The energy function for level is shown as:

() = R(¢p) + Length(¢p) + Area(¢p) (2)

R(¢) is responsible for managing the form of the level set function.

4. RESULTS

Results are achieved thinking about 100 MR photos. In mind tumor detection MR photos are
used. To describe the overall performance of the proposed paintings confusion matrix is used
right here synthetic neural community is used for the classification. The confusion matrix will
describe the feasible final results in phrases of expected output.

The outcome can be True Negative (TN), True Positive (TP), False Negative (FN) and False
Positive(FP).

In this system we can consider

following factors TP = correct positive

prediction

TN= correct negative prediction FP= incorrect positive prediction FN= incorrect negative
prediction

TP Rate: It is calculated as the number of correct positive predictions divided by the total
number ofpositives. It is also called as Sensitivity or Recall.

TP Rate =TP /(TP + FN)

FP Rate: False positive rate (FPR) is calculated as the number of incorrect positive predictions
divided bythe total number of negatives.

FP Rate=FP /TN + FP
P Rate: It is calculated as the number of correct positive predictions divided by the total number

of positivepredictions. It is also called as Precision.
P Rate =TP =TP + FP
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MR Image TP Rate FP Rate P Rate JCS Rate DC Rate

0.7570 0.2683 0.7237 0.5164 0.6135

Figure 1: Results for the Previous Method of Adaptive local fitting Algorithm [19]

MR Image TP Rate FP Rate P Rate JCS Rate DC Rate

0.6370 0.3460 0.8106 0.5254 0.6634

Figure 2: Results for the Proposed Method based on weighted level set

5. CONCLUSION

In clinical photograph processing correct segmentation of loads is one of the vital tasks. In
breast cancer. In mind tumor detection MR picture are used. In our proposed technique mind
tumor segmentation is completed thinking about the in homogeneity parameter. In this weighted
stage set technique is applied. The usual consequences suggests that their desires a few
development withinside the correct tumor detection. In our proposed technique stage set is used
to limit the strength characteristic. While minimizing the strength characteristic weighted sum
of the neighboring pixels is taken into consideration. Based on the brink capabilities the
comparative prominence contiguous place is considered. Our proposed technique is as
compared with the preceding techniques, consequences suggest that proposed paintings is
giving higher consequences in phrases of accuracy. Future paintings could be evaluated
thinking about huge database.
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