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Abstract—Biomedical images are the core of medical science. Magnetic Resonance Imaging (MRI) Clear images of the human brain's
internal structure or of other parts of the body are provided by scans. Segmentation of brain tumors by MRI data is a rather important
task, but it is done manually by medical experts which is very cumbersome and time-consuming. Several methods for the automated
identification of brain tumor and brain segmentation have been suggested for MRI images. The goal is the separation by brain tumor
from normal brain tissue White Matter (WM), Gray Matter (GM) or brain spinal fluid (CSF), in the different tube tissues such as active
cells, the necrotic core as well as edema. Because of non-invasive visualization and the strong comparison of soft tissues in MRI images,
MRI-based brain tumor segmentation work has drawn more interest in recent years. As the brain tumor section is built over nearly 20
years, novel methods using computer-aided techniques are maturing and closer to standard clinical applications. The purpose of this
paper is to provide an overview of MRI segmentation approaches for brain tumors. To begin with, a short introduction to brain tumors
and imaging methods of brain tumors is given. Then pre-processing techniques or state-of-the-art MRI segmentation methods are applied.
Keywords—image segmtation; ARKFCM; FCM; midian filter; MRI images.

I. INTRODUCTION

In the last several decade's healthcare specialists have contributed to the advancement of biomedical technology and e-health
care in the medical sector to improve care for patients. Brain tumors are seriously affecting humans as the cells within the brain
expand abnormally. It can disrupt the proper function of the brain and endanger life. 2 brain tumors as benign tumors and malignant
tumors have also been identified. Invasive tumors are less risky than malignant tumors because malignant tumors evolve quickly
and damage whereas benign tumors grow slowly and are not so dangerous. The different kinds of non-invasive imaging technology:
MRI, CT, Ultrasound, SPECT, PET, X-ray. [1]. Magnetic resonance imaging (MRI) is used mainly in conjunction with other
medical imaging methods and provides greater contrast between the brain and tissues. Therefore, MRI scans can be used to identify
the brain tumor. The aim of this paper is to classify brain tumors with image processing techniques. The early detection of a brain
tumor is a key issue in improving care. When a brain tumor is clinically diagnosed, it is necessary to carry out radiological
assessments for location, size or effect of the brain tumor on its environment. The best treatment, chirurgy, radiation or
chemotherapy can be determined from this knowledge. It is clear that if a tumor patient is correctly diagnosed in their early stages,
the chances of survival can be increased. Consequently, in the radiology department, research on brain tumors using imaging
techniques became more important. In this article, image processing is used to classify the brain tumor. [1].

Fig. 1 Axial, coronal and sagittal view of MRI brain image

There are various types of regions in the human brain. 3 key areas in brain imaging are, as shown in the image, the following: |
White Mate (WM), ii) Gray Mate (GM), or iii), brain spinal fluid (CSF). 1. In certain segmentation procedures of medical imaging,
such areas are isolated and illuminated. [2]

Malignant tumor category grows more quickly than benign tumor type. Such a tumor also affects healthy brain cells. Even after
surgery, this tumor can return. The brain or spinal cord may spread to other parts. Brain secondary form tumors have started but
spread to the brain in another area of the body, like breast, in the kidney, etc. Different techniques such as MRI or CT can be used
to scan brain horizontal and vertical at various depth rates. We used MRI images taken into horizontal sections for this theoretical
algorithm. [3]

There are three common types of Tumour:
e  Benign Tumour
e  Pre-Malignant Tumour
e  Malignant Tumour

1. Benign Tumour:- A benign brain tumor is a cell mass that grows slowly in the brain. The signs of a benign brain tumor
depend on how large it is and where in the brain is. It usually remains in one location and it does not spread. Such slow-growing
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tumors may not initially cause any symptoms. Severe, recurrent headaches, fits, lingering nausea, vomiting, or drowsiness are
common symptoms.

2. Pre-Malignant Tumour:- A pre-cancer condition or pre-malignant state is a disordered morphology of cells that are
associated with a higher risk of cancer. A disorder which is often known as a possible pre-cancer or potentially pre-malignant one.
All conditions can cause cancer if left untreated.

3. Malignant Tumour:- Malignant tumors are cancer tumors, appear to develop slowly and can lead to death. In contrast to
benign tumors, malignants are growing fast, aggressive, searching for new territories and spreading (metastasizing). The abnormal
cells that form a tumor become more easily replicate. [4]

A. MRI Image:

MRI is radiology medical imaging tool used to take pictures of both learning and memory in anatomy and physiological
procedures of the body. MRI scanners are able to generate images of body interior using strong magnetic fields, radio waves or
field gradients. The study of magnetic nuclear resonance (NMR) is the basis for MRI. If put in an electromagnetic field, some
atomic nuclei will absorb and emit radiofrequency energy. Hydrogen atoms are mostly used in clinical or diagnostic MRI to provide
a visible signal from radio-frequency obtained by antennas near to the anatomy being studied. Hydrogen atoms are naturally
abundant, especially in water or fat in people as well as other biological species.

B. Digital Image Processing:

Image processing is a technique used to perform certain photo operations to create an improved image or to retrieve useful data
from it. It is a method of signal processing where the input is an image and the output can be an image or item. The processing of
images is actually one of the fast-growing technologies. Essentially, image processing consists of the following 3 steps: | importing
the image through image acquisition tools; (ii) analysis, and image management;(iii) resulting in an altered image or report based
on image analysis image processing.

Il. IMAGE SEGMENTATION

Image segmentation is the main technology for the processing of an image. A lot of programs either or not on a fusion of the object
or computer images need specific segmentation. The segmentation partition the image into specific elements of each pixel with a
comparable feature [5]. The adequate image segmentation is a more complicated assignment. Image segmentation has interpreted
in another way for diverse features. For example, in feature of machine vision, it's far observed as a connection among high and
low-level vision subsystems, in medical imaging as a tool to outline anatomical configuration and different areas of significance
whose realize information is usually existing and statistical analysis, it's far posed as a stochastic evaluation trouble, with
hypothetical previous distributions on image form which is broadly utilized in remote sensing. The remote sensing, additionally it
is viewed as a useful resource to landscape alternate detection and land use/cover type noted examples specific that image
segmentation is found in each form of a photo analysis. This constitutes a number of kinds of literature on the photo segmentation.

I1. BRAIN MR IMAGES

MRI is a propelled procedure of medicinal imaging that gives rich data about the life structures of human delicate tissue. It has
various preferences over other imaging strategies that empower it to furnish a high balance between delicate tissues with 3-
dimensional information. The amount of data, be that as it may, is to an extreme degree a lot for manual investigation/elucidation,
and this has been one of the greatest barriers to efficient MRI use. For this reason, computer-aided image analysis automatic or
semi-automatic methods are needed. It is a significant job to segment MR pictures into various tissue groups, particularly gray
matter (GM), white matter (WM) and cerebrospinal fluid (CSF). Brain MR Images have the number of highlights, specifically the
accompanying: first, they are factually basic; with few classes, MR Images are theoretically piece-wise constant. Second, the
contrast between the distinct tissues is comparatively high. The MR image contrast relies on how the picture is obtained. By
changing the RF and gradient beats and thoroughly selecting relaxation timing, distinct components can be highlighted in the object
being pictured and produced.

MRI Brain Tissue Segmentation Methods

Usually utilized techniques are outlined as in Fig. 2.

‘ Classification of MRI Brain Image Segmentation Methods |
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Fig. 2. Classification of MRI Brain image segmentation methods [6]
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IV. USING IMAGE SEGMENTATION METHODS

In medical image segmentation (MIS), image segmentation is essential nowadays. A significant job is the image segmentation of
MRI tumor. The segmentation of the picture is one of the methods used to find an MRI tumor. It takes time, but it also makes
mistakes. Expert image segmentation is variable. Several automated image segmentation techniques have been created for MRI. In
this article, the following are discussed several automated picture segmentation methods:

A. Thresholding

Itis a single of the easy techniques of picture segmentation. It is the method of dividing the pixels into distinct groups according to
their gray pixels. The intensity value, called a threshold, is determined by a thresholding technique which separates the essential
classes. By taking edge esteem, a division is practiced. The pixels are gathered into one class with a force higher than the breaking
point depends on the edge worth and stay pixels assembled into another class. The fundamental burden is that lone two classes are
created in the simplest form, and multichannel images cannot be implemented. In the method of thresholding, the picture has only
two black and white values. The gray values of the MR picture are 0 to 255. As a result, the MR image thresholding ignores tumor
cells [7].

B. Region growing (RG)

It is a technique of segmentation of images based on region. First of all, this method requires manually selecting the kernel points.
The seed point’s choice is founded on the criteria of the user. It is also a technique based on iteration, such as algorithms for
clustering. The algorithm steps for the method of region growth are described below:[8] 1. In the initial step, the seed focuses are
chosen physically. 2. Pixels in the seed area are analyzed in the following stages and added to the locale as per the criteria of
homogeneity. This strategy will proceed until every one of the pixels has a place with a specific area. 3. In the last advance, the
representation of the thing is performed by expanding the pixel regions. The technique for district development is actualized in
MIS. It very well may be actualized in kidney division, cerebrum surface extraction and heart pictures in the therapeutic part. The
essential downside of this method is that it needs the Ul to choose the seed points.[9] Thus, seed choice involves the user interface
and a very time-consuming process for each region.

V. LITERATURE SURVEY

Chuanlu Lin et al [2019]Our popular structure allows for simultaneous segmentation & recuperation of brain pathology (MR)
images, with the widespread use of low-rank and sparse (LSD) systems. Conventional LSD techniques frequently produce retrieved
images in distortion areas because of the low-ranking and sparse components lacking restriction. We propose a transformed sparse
decay method (TLS 2 D) robust to remove pathological regions to deal with this problem. In addition, both organized sparse and
measured object salience as the adaptive sparsity constraint are used to get well-recovered images. Experimental results in MR
brain tumor pictures show That our TLS 2 D can provide satisfactory results for both image recovery & tumor segmentation. [10]

Samuel B. Martins et al [2019]Different diseases can be associated with abnormal brain image asymmetries and their automated
identification can enhance the diagnosis and segmentation of abnormal brain tissue (e.g. lesions) and automatic examination. In this
paper, the unusual identification of asymmetry in MR brain images is implemented in a fully supervised Supervoxel-based approach.
In addition, we have a new technique called SymmISF for symmetrical super voxel extraction. The results in a variety of MR-TI
pictures rejoice in contrast to a deep learning auto-code method, a higher identification frequency and substantially less erroneous
positive.[11]

T. M. ShahriarSazzad et al [2019]For diagnosing tumors in the brain, digital modalities are used. (Magnetic Resonance Imaging)
MRI is among the widely used diagnosing brain tumors among all digital modalities. In this analysis, the MRI grayscale images for
brain tumor identification was suggested for an automated approach. In this analysis, an automated approach was suggested that
improved gray color variations should be reduced during the initial stage. Remove unwanted sounds For better segmentation as
much as possible, a filtering process was used. Therefore, the OTSU segmentation based on thresholds was used in place of color
segmentation, as this study measures gray images. Lastly, feature-based information was provided by pathology experts to classify
the area of interest (brain tumor area). The results of the experiment showed that in contrast to existing approaches, the methodology
proposed could achieve better results in conditions of precision, although preserving an acceptable pathology expert accuracy rate.
[12]

Dong Nie et al [2019]We propose a new 3D complete coevolutionary network (FCN) architecture to segment brain isointense
images for the task. To fulfill this challenge, we are proposing. In addition, we are proposing an introductory conversion module
for improved communication of aggregating layers instead of using directly the FCN and are providing a fusion module to help us
improve the fusion of the current FCN architecture from 2-D to 3-D. In addition, We are also proposing the implementation of a
fusion module to boost the fusion module. The quality of our approach is compared to two collections of isointense phase brain
images with several simple and cutting edge methods. [13]

XiangzhiBai et al [2019] The pixel to cluster similarity gauge be characterized in the use of intuitional fuzzy membership function
in manipulating vagueness in images of MR brain and also ambiguity on the clustering development. Both of these comparisons
are applied to change center-free FCM to increase the ability of the MR brain fragmentation technique. Furthermore, a local
information definition, also intuitionistic & central free, is applied to objective function on the basis of the enhanced center-free
FCM system. It provides the final ICFFCM proposal. Taking local data into account further increases the sensitivity of ICFFCM to
noise in MR images of the brain. The simulated & true MR brain image data sets of experimental results demonstrate that ICFFCM
is efficient & stable. In addition, ICFFCM could surpass the standard published methods, similar statistical mapping parametric
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approach & the automatically segmented tool FMRIB, with several fuzziness clustering, derived methods and producing similar
results. [14]

Rakshanda M. Mapari and H. G. Virani [2019] The cerebrum tumor is the rare or uncontrolled brain cell division. Corrective
issues are severe if tumors are not immediately treated the most quickly. This paper is about tumor region detection by a
segmentation approach based on Morphological Operators. This requires updates, partitions, and levels of positioning. The photos
were separated and categorized into benign and malignant in order to extract the tumor region. If more photos are available, doctors
can save time with this strategy.[15]

C.-H. Pham et al [2019] The images are mainly replayed in most pipelines with the aid of techniques for Interpolation or resolution
of single images and then segmentation using (semi-)automatic strategies. Reconstruction of the image & segmentation will be
carried out separately. This article provides an end to end generative adverse event network to simultaneously reconstruct and
segment brain MRI data with high-resolution solutions. This combined method is first tested in low-resolution simulated images of
the DHCP neonatal dataset with a high-resolution. The learned template is then used for enhancing real low-resolution images and

segmenting them. Results show the potential for realistic medical applications of our proposed method. [16]

VI. PROPOSE METHODOLOGY

A. Problem statement:

e The result depends on the quality of the image.

o Weak points in the excessively soothing picture and adaptability of the canyon eye sensing operator.

e The contour of transform would be transform contour was used with imperfect filter banks and frequency domain
resolution is impacted.

B. Propose work

Based on the issues discussed in the problem statement, we will now describe some improvements to the mechanisms of Wiener
filter, canny edge detector and finally propose a new technique of fuzzy edge detector.

e Canny edge detector — An ideal edge detector has been developed for the Canny operator. As input, it took a gray-scale
picture or produces an image with tracked size discontinuities as output.

The operator Canny functions over several stages. First of all, the Gaussian convolution smoothest the picture. Then smoothed
image is introduced to highlight regions of first high spatial derivatives via a simple 2-D first derivative consumer. Edges in the
gradient magnitude picture lead to ridges. Thereafter, the algorithm monitors top of these ridges but sets to zero all pixels, which
do not actually stand at top of a ridge, so that there is a thin line in the output.

o  Wiener Filter-Wiener filter is the MSE-optimal linear filter for additive noise distorted or blurring images. Wiener filters
are commonly used in the frequency field with only mean zero (that's no generality loss) assumption that signal and noise
processes were stationary in second-order (random phase sense).

e The Fuzzy Edge Detector-Fuzzy Image Processing is a selection of all approaches to images, segments, and characteristics
as fluid-sets. The display or processing rely on the chosen fugitive technique and the problem to be resolved. Fuzzy image
treatment has 3 main processing stages: image Processing, member value shift or Image Processing.

Input and the output image obtained after defuzzification is quantized by 8-bit. Therefore, their degree of gray is between 0 and
255. The device is implemented. The fugitive sets were generated to represent each variable strength and the features used for
implementing' and' or' operations were the minimum and minimum functions for linguistic variables' Black, " white' and' Gray,'
respectively. The membership values of the output function are structured to differentiate the picture values from blacks, whites
and rims.

C. Algorithm:
First, we browse images from a dataset.
Contour let wavelet transforms applied to this normalize image.
Applied image enhancement technique.
Wiener applied to this enhancement image.
Canny edge detector.
Fuzzy edge detector.

Performance evaluation.
Exit

© N RN

D. Flow chart

JETIR2002182 | Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org | 1271


http://www.jetir.org/

© 2019 June 2019, Volume 6, Issue 6 www.jetir.org (ISSN-2349-5162)

A\ 4
First we browse image from dataset

A 4

Non-sub sampled pyramid
applied on this normalize image

A

Applied image enhancement
technique

y
Wiener filter

y
Canny edge detector

v

Fuzzy edge detector

A\ 4
Performance evaluation

'

Fig. 8. Flow chart on Propose work

VII. RESULT ANALYSIS

The experimental analysis uses MRI Brain Tumor Segmentation pictures for performance evaluation. To quantitatively compare
the results of the above-mentioned methods, our apply Fuzzy C-means (FCM) and the ARKFCM is applied to contain several
overlapping regions of cells. The algorithm is designed on MATLABR18 b using the Image Processing toolbox.
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TABLE 1.1 COMPARISON TABLE BETWEEN BASE ACCURACY AND PROPOSE ACCURACY

Fig. 9.data set of MRI images

Base
Image name PSNR MSE
1.jpg 40.5868 0.9686
2.Jpg 43.8493 0.8957
3.Jpg 48.5584 0.9284
4.jpg 39.9833 0.8234
Propose
Image name PSNR MSE
1.jpg 54.3938 0.7213
2.Jpg 52.4738 0.8282
3.Jpg 57.8734 0.7833
4.ipg 58.8493 0.7199

First, we run this code and obtained this type of menu bar:

4 — >

propose code

browse original image

Nonsubsampled Pyramid

image enhancement

wiener fiter

canny edge detector

propose work

performance evaluation

EXIT

There are 8 steps in this menu bar :

1. First, we browse images from a dataset.
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4| Figure 1 — O <
File Edit View Insert Tools Desktop  Window Help ~
NEdS | | RRAXMBDEMx- || 0OE D@&

original image

2. Contourlet wavelet transforms applied to this normalize image.

3. Applied image enhancement technique.

4. Wiener filter.

(d)

5. Canny edge detector.
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6.

7.
8.

(b)

Fuzzy edge detector.

Performance evaluation.
Exit

CONCLUSION

This paper addressed many emerging brain tumor identification and brain MRI image segmentation technologies. During the
process of removing brain tumors from MRI images, specific current segmentation methods such as threshold, regionally dependent,
edge-based or clustering-based separating techniques have been explored. The threshold approaches focused on intensity have
excellent results, and for images with large differences in intensity fail. The regional segmentation is common in high contrast
images, but this does not yield efficient output for low contrast images. Edge-based segmentation works much better but does not
yield noisy images because it generates false edges.
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