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Abstract

In biomedical, tumor detection and removal is one of the major medical
issue. Brain tumor is a disease of the brain where cancer cells arise in
the brain tissue to form a mass of cancer tissue that interferes with
brain functions such as manage muscle, sense, memory and other body
functions. Tumors composed of cancerous cells are called Malignant
tumors and those composed of non-cancerous cells are called Benign
tumors. There are so many ways to diagnose tumor in brain include
Neurologic exam, MRI, CT scan, Angiogram, Spinal tap and Biopsy.
Medical imaging has tremendous advantage in diagnosis of the disease
where Magnetic Resonance Imaging plays an important role. This
paper aims to enhance the accuracy level in the detection of brain
tumor and provides better performance than existing method based on
high accuracy rate and low computing time. The process of tumor
detection comprises three steps (i) Segmentation (ii) Feature extraction
(iii) Classification. Various algorithms are developed for image
processing in which we take Histogram thresholding for image
segmentation and Support Vector Machine (SVM) for classify the
image as Benign or Malignant.
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1. INTRODUCTION

The human brain is the human nervous system’s primary
organ. The cerebrum, Brain Stem, and Cerebellum compose the
Brain. It controls most of the activities of the body, processing,
integrating and coordinating the information it receives from
sense organs and making decision. However, the brain is still
susceptible to disease, damage and infection. The brain, both
benign and malignant, may also be the location of tumors. These
often originate in the body from other places. Brain tumor can
occur at any age. At any age, a brain tumor may occur. Scientists
and physicians do not know the precise cause of brain tumors.
Risk factors include exposure to ionizing radiation and family
history of the brain tumor. The choice of treatment depends on
type of diagnosis. Several treatment options are surgery, radiation
therapy and chemotherapy. A brain tumor is an unusual
development of cells inside the cerebrum or skull; some are
considerate, others harmful. Tumors can develop from the
cerebrum tissue itself (essential), or disease from somewhere else
in the body can spread to the brain (metastasis). Treatment
alternatives change contingent upon the tumor type, size and area.
Treatment objectives might be corrective or spotlight on calming
side effects. A significant number of the 120 sorts of brain tumors
can be effectively treated. New treatments are improving the life
expectancy and personal satisfaction for some individuals.

1.1 SYMPTOMS

The symptoms include i) Headaches ii) Nausea and VVomiting
iii) Changes in speech, vision or hearing iv) Problems balancing
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or walking v) Changes in mood, personality or ability to
concentrate vi) Problems with memory vii) Muscle jerking or
twisting viii) Numbness or tingling in the arms or legs.

« Benign: Benign tumor grows only locally and cannot spread

by invasion or metastasis. There are often surrounded by a
productive “sac”, a mechanism performed by immune
system that segregates it from the rest of your body and

enables it to be easily removed.

« Malignant: Tumor cells invade neighboring tissues, enter
blood vessels and metastasize to different sites. They may
not have symptoms initially and the first indication may be
the detection of a pain less lump. The Table.1 shows the
comparison between benign and malignant.

Table.1. Comparison

Benign
Cancerous
Slow growing
Non- invasive
Capsulated

Malignant
Non-cancerous
Fast growing
Invasive and Infiltrate
Non-capsulated

To create detailed images of the organs and tissues within the
body, MRI utilizes a strong magnetic field and radio waves. The
development of MRI makes revolution in the medical field and it
also helps in research area. It is suited for examining soft tissue
like spinal cord injuries, brain tumors than that of other imaging
techniques. MRI Brain image describes differentiate tumor cells
from brain tissues such as White matter (WM), Gray Matter (GM)
and Cerebrospinal (CSF) well.

2. LITERATURE REVIEW

2.1 NEURAL NETWORK BASED BRAIN TUMOR

DETECTION

Using Wireless Infrared Imaging Sensor Presently a-days
image handling put a significant job for perceiving different
infections like bosom, lung and mind tumors in prior stage for
giving the proper treatment. As of now, most disease conclusion
worked by the visual assessment measure with adequately.
Human visual investigating of tiny biopsy images is astoundingly
dreary, emotional, and clashing due to between and intra-
spectator assortments. As such, the threat and it will be recognized
in a starting time for finish treatment and fix. This Brain Tumor
Classification System utilizing Al based back proliferation neural
organizations (MLBPNN) makes pathologists improve the
precision and capability in area of danger and to restrict the bury
passerby assortment. Also, the procedure may help specialists
with examining the image cell by using request and batching
estimations by recoloring characteristics of the telephones. The
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diverse image getting ready advances needed for sickness area
from biopsy images join obtainment, update, division; incorporate
extraction, image depiction, portrayal, and fundamental initiative.
In this examination MLBPNN is dissected with the assistance of
infra-red sensor imaging innovation. At that point the
computational diverse nature of neural distinctive evidence
inconceivably lessened when the whole structure is disintegrated
into a couple of subsystems. The highlights are removed utilizing
Fractal Dimension Algorithm (FDA) and afterward the main
highlights are chosen utilizing Multi fractal detection (MFD)
procedure to diminish the intricacy. This imaging sensor is
incorporated through Wireless Infrared Imaging Sensor which is
delivered to communicate the tumor warm information to an
expert clinician to screen the prosperity condition and for
supportive control of ultrasound estimations level, particularly if
there ought to emerge an event of older patients living in distant
zones.

2.2 MULTI-CLASSIFICATION OF BRAIN TUMOR
IMAGES USING DEEP NEURAL NETWORK

Cerebrum tumor order is a critical errand to assess the tumors
and settle on a treatment choice as per their classes. There are
many imaging methods used to distinguish cerebrum tumors. Be
that as it may, MRI is usually utilized because of its prevalent
image quality and the reality of depending on no ionizing
radiation. Profound learning (DL) is a subfield of Al and as of late
showed an exceptional exhibition, particularly in grouping and
division issues. In this paper, a DL model dependent on a
convolutional neural organization is proposed to group distinctive
mind tumor types utilizing two freely accessible datasets. The
previous one arranges tumors into (meningioma, glioma, and
pituitary tumor). The other one separates between the three
glioma grades (Grade Il, Grade IlI, and Grade 1V). The datasets
incorporate 233 and 73 patients with an aggregate of 3064 and
516 images on T1-weighted difference upgraded images for the
first and second datasets, individually. The proposed network
structure accomplishes a huge exhibition with the best in general
precision of 96.13% and 98.7%, separately, for the two
examinations. The outcomes show the capacity of the model for
cerebrum tumor multi-characterization purposes.

2.3 DEEP LEARNING FOR MULTI-GRADE BRAIN
TUMOR  CLASSIFICATION IN SMART
HEALTHCARE SYSTEMS: A PROSPECTIVE
SURVEY

Cerebrum tumor is perhaps the most hazardous malignant
growths in individuals, all things considered, and its evaluation
acknowledgment is a difficult issue for radiologists in wellbeing
observing and mechanized analysis. As of late, various techniques
dependent on profound learning have been introduced in the
writing for mind tumor arrangement (BTC) to help radiologists
for a superior symptomatic investigation. In this outline, we
present an inside and out audit of the overviews distributed up
until now and late profound learning-based techniques for BTC.
Our review covers the primary strides of profound learning-based
BTC strategies, including preprocessing, highlights extraction,
and arrangement, alongside their accomplishments and
impediments. We additionally research the best in class
convolutional neural organization models for BTC by performing
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broad investigations utilizing move learning with and without
information increase. Besides, this outline portrays accessible
benchmark informational indexes utilized for the assessment of
BTC. At long last, this study doesn’t just investigate the previous
writing on the point yet in addition steps on it to dig into the
eventual fate of this space and specifies some exploration bearings
that ought to be continued later on, particularly for customized
and savvy medical care.

2.4 COMBINING NOISE-TO-IMAGE AND IMAGE-
TO-IMAGE GANS: BRAIN MR IMAGE
AUGMENTATION FOR TUMOR DETECTION

Convolutional Neural Networks (CNNs) accomplish brilliant
PC helped determination with adequate clarified preparing
information. In any case, most clinical imaging datasets are little
and divided. In this unique situation, Generative Adversarial
Networks (GANS) can blend practical/various extra preparing
images to fill the information need the genuine image
conveyance; specialists have improved order by enlarging
information with clamor to-image (e.qg., arbitrary commotion tests
to assorted obsessive images) or image to-image GANs (e.g., a
kind image to a threatening one). However, no examination has
detailed outcomes joining commotion to-image and image to-
image GANs for additional exhibition help. Accordingly, to
amplify the DA impact with the GAN mixes, we propose a two-
venture GAN-based DA that creates and refines mind Magnetic
Resonance (MR) images with/without tumors independently: (i)
Progressive Growing of GANs (PGGANSs), multi-stage
commotion to-image GAN for high-goal MR image age, first
produces sensible/different 256x256 images; (ii) Multimodal
UNsupervised Image-to-image Translation (MUNIT) that
consolidates GANs/Variational AutoEncoders or SImGAN that
uses a DA-centered GAN misfortune, further refines the
surface/state of the PGGAN-created images comparably to the
genuine ones. We altogether explore CNN-based tumor grouping
results, additionally thinking about the impact of pre-preparing on
ImageNet and disposing of abnormal looking GAN-created
images. The outcomes show that, when joined with exemplary
DA, our two-venture GAN-based DA can fundamentally beat the
exemplary DA alone, in tumor location (i.e., boosting affectability
93.67% to 97.48%) and furthermore in other clinical imaging
errands.

2.5 BRAIN TUMOUR IMAGE
USING DEEP NETWORKS

SEGMENTATION

Robotized division of cerebrum tumor from multimodal MR
images is significant for the examination and checking of sickness
movement. As gliomas are dangerous and heterogeneous,
productive and exact division strategies are utilized for the fruitful
outline of tumors into intra-tumor classes. Profound learning
calculations beat on assignments of semantic division instead of
the more customary, setting based PC vision draws near. Broadly
utilized for biomedical image division, Convolutional Neural
Networks have essentially improved the cutting-edge precision on
the errand of cerebrum tumor division. In this paper, we propose
an outfit of two division organizations: a 3D CNN and a U-Net,
in a huge yet direct combinative strategy that outcomes in better
and exact expectations. The two models are prepared
independently on the BraTS-19 test dataset and assessed to yield
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division maps which impressively contrasted from one another as
far as divided tumor sub-areas and were ensembled dynamically
to accomplish the last forecast. The proposed outfit accomplished
dice scores of 0.750, 0.906 and 0.846 for upgrading tumor, entire
tumor, and tumor center, separately, on the approval set,
performing well in contrast with the best in class models as of now
accessible.

2.6 AUTOMATED BRAIN TUMOR
SEGMENTATION BASED ON MULTI-PLANAR
SUPERPIXEL LEVEL FEATURES
EXTRACTED FROM 3D MR IMAGES

Cerebrum tumor division from Magnetic Resonance Imaging
(MRI) is vital for better tumor conclusion, development rate
expectation and radiotherapy arranging. However, this errand is
amazingly difficult because of naturally heterogeneous tumor
appearance, the presence of extreme incomplete volume impact
and vague tumor limits. In this work, a one of a kind methodology
of tumor division is presented dependent on superpixel level
highlights extricated from each of the three planes (x-y, y-z, and
z-x) of 3D volumetric MR images. To stay away from the pixel
haphazardness and to represent exact inhomogeneous limits of
mind tumor, every one of the images having a place with a
specific plane is apportioned into unpredictable patches
(superpixels) in view of their force and spatial similitude. Then,
different factual and textural highlights are extricated from each
superpixel where every one of the three planes are viewed as
independently to acquire better naming on superpixels in tumor
edges. A component determination conspire is proposed
dependent on their presentation on histogram-based consistency
examination and neighborhood descriptor design investigation,
which offers a critical decrease in highlight measurement without
forfeiting grouping execution. With the end goal of regulated
order, Extremely Randomized Trees is utilized to characterize
these superpixels into a tumor or a non-tumor class. At long last,
pixel level choice is taken dependent on comparing choices
acquired in each plane. Broad reenactments are completed on
freely accessible dataset and it is tracked down that the proposed
technique offers better tumor division execution in contrast with
that got by some best in class strategies.

2.7 HYBRID FEATURE EXTRACTION METHOD
WITH REGULARIZED EXTREME LEARNING
MACHINE FOR BRAIN TUMOR
CLASSIFICATION

Cerebrum malignancy order is a significant advance that relies
upon the doctor’s information and experience. A robotized tumor
characterization framework is vital for help radiologists and
doctors to recognize cerebrum tumors. In any case, the precision
of current frameworks should be improved for appropriate
medicines. In this paper, we propose a half breed highlight
extraction strategy with regularized outrageous learning machine
for fostering an exact mind tumor order approach. The
methodology begins by removing the highlights from mind
images utilizing the half breed include extraction strategy; at that
point, processing the covariance network of these highlights to
extend them into another huge arrangement of highlights utilizing
guideline segment examination (PCA). At long last, a regularized
outrageous learning machine (RELM) is utilized for arranging the
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sort of mind tumor. To assess and look at the proposed approach,
a bunch of examinations is led on another public dataset of
cerebrum images. Exploratory outcomes demonstrated that the
methodology is more viable contrasted with the current cutting
edge draws near, and the exhibition as far as order exactness
improved from 91.51% to 94.233% for the trial of irregular
holdout procedure.

2.8 BAT ALGORITHM WITH FUZZY C-ORDERED
MEANS (BAFCOM) CLUSTERING
SEGMENTATION AND ENHANCED CAPSULE
NETWORKS (ECN) FOR BRAIN CANCER MRI
IMAGES CLASSIFICATION

Malignancy is a second premier hazardous infection close to
cardiovascular illnesses. Specifically, cerebrum malignant growth
holds minimal pace of endurance than any remaining disease
types. The classification of a mind tumor relies on the different
factors like surface, shape and area. The clinical specialists have
favored the fitting treatment to the patients, in view of the precise
recognizable proof of tumor type. The way toward fragmenting
the Magnetic Resonance Imaging (MRI) has high complicacy
during the investigation of cerebrum tumor, attributable to its
variable shape, area, size, and surface. The doctors and
radiologists can without much of a stretch distinguish and classify
the tumors if there exists a framework by consolidating Computer
Assisted Diagnosis (CAD) just as Artificial Intelligence (Al). A
methodology of computerized division has proposed in this paper,
which empowers the division of tumor out of MRI images, other
than upgrades the effectiveness of division and grouping. The
underlying elements of this methodology incorporate
preprocessing and division measures for fragmenting tumor or
tissue of amiable and dangerous by growing a scope of
information and bunching. A cutting-edge learning-based
methodology has proposed in this investigation, to handle the
computerized division in multimodal MRI images to recognize
mind tumor, thus the bunching calculation of Bat Algorithm with
Fuzzy C-Ordered Means (BAFCOM) has suggested portioning
the tumor. The Bat Algorithm Figs the underlying centroids and
distance inside the pixels in the grouping calculation of
BAFCOM, which likewise obtains the tumor through deciding the
distance among tumor Region of Interest (Rol) and non-tumor
Rol. A while later, the MRI image has broken down by the
Enhanced Capsule Networks (ECN) technique to classify it as
ordinary and mind tumor. At last, the calculation of ECN has
surveyed the exhibition of proposed approach by recognizing the
two classifications of the tumor over MRI images, other than the
recommended ECN classifier has evaluated by the estimation
elements of exactness, accuracy, review, and F1-score. Moreover,
the hereditary calculation has applied to deal with the
programmed tumor stage arrangement, which thusly grouping
exactness improved.

3. PROPOSED METHODOLOGY

The Fig.1 shows the working model of the proposed system
which consists of steps involving: pre-processing, region of
interest, feature extraction and optimization, classification and
segmentation.
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3.1 PRE-PROCESSING

MRI image pre-processing is a fundamental step to assure the
success analysis which includes Filtering and Skull Stripping.

3.1.1 Median Filter:

Most of the MRI images may contain salt and pepper noise
caused by operator performance and environmental condition
which leads to mis-classification of images and increase

computation time. These noises are removed by median filter
because; it preserves edges while removing noise.

3.1.2 Skull Stripping:

Removal of the skull and other non-brain tissue from MRI
image can be essential part of the pre-processing. By following
steps, it can be introduced

Step 1: Compute and plot the histogram for original gray scale
image

Fix the threshold to create a binary image

Seal off the bottom of the head

Erode away 15 layers of pixels using erosion operations;
again, convert it to gray image.

=

| Testing Input Image |

Step 2:
Step 3:
Step 4:

MRI Dataset

Y

Image Pre—Processing to Remove
unwanted Brain Tissue

Y

Region of Interest to Segment
Tumor Part

A\ 4
| Feature Extraction using GLCM

!

Training
Dataset

Malignant

Fig.1. Proposed system

3.2 REGION OF INTEREST (ROI)

In computer vision, the ROI defines borders of a tumor under
consideration. Image segmentation is an important step in analysis
of medical image. Segmentation is a process to group pixels
which showing similarity in different features. Many different
image segmentation algorithms are available based on gray-level
values of the pixels, in which histogram thresholding one of the
methods to segment out the tumor part from the tumor affected
brain image.
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3.2.1 Edge Detection:

Edge detection is a most vital part in tumor identification for
finding boundaries between regions based on discontinuities in
intensity. The edge representation of an image reduces the
quantity of data to be processed still yet it contains necessary
information. Here we used canny edge detection technique. It is
one of the relevant techniques among various edge detection
methods in which noise from the image being separated before
find edges of image.

3.2.2 Histogram Thresholding:

Histogram is constructed by splitting the range of the data into
equal sized bins. For each bin, the number of points from the data
set that fall into each bin is counted. In MATLAB histograms for
images can be constructed using the imhist command. The gray
level histogram corresponds to an image, f(x,y), composed of
white tumor area in dark background, in such a way that tumor
and background(normal brain tissue) pixels have gray levels
grouped into two dominant modes. One obvious way to extract
the tumor from the background is to select a threshold T that
separates these modes. Tumor cells have greater intensity
compared to normal brain tissue; so, as per the experiment we
fixed global threshold value T as 150.

3.2.3 DWT:

The wavelet is a powerful mathematical tool for feature
extraction and used to extract the wavelet Texture is one of the
most important features of an image it captures the spatial
dependents of gray level value, which contributes to the
perception of texture.

3.2.4 Methods of Representation:

Three principal approaches used to describe texture:
statistical, structural and spatial.

Most popular statistical representation of texture is co-
occurrence matrix (GLCM). This co-occurrence matrix represents
the spatial distribution and dependents of gray levels within the
local area.

The statistical texture features are given below: Energy,
Entropy, Correlation, Contrast, Homogeneity, Mean, Standard
Deviation, RMS, Variance, Smoothness, Kurtosis, Skewness and
Inverse Difference Moment (IDM).

4. FEATURE EXTRACTION USING GLCM

It is the way toward social occasion an image at more
significant level information, like shape, surface, shading, and
differentiation. Surface examination is a significant boundary of
human visual discernment and the arrangement of Al. It is utilized
proficiently by picking unmistakable highlights to upgrade the
exactness of the symptomatic framework. One of the principle
wide utilized image examination uses of dark Level Co
commonness Matrix (GLCM) and surface component. this
framework follows 2 stages for include extraction from the
clinical images. inside the start, the GLCM is Figured, and inside
the elective advance, the vibe choices upheld the GLCM square
measure determined. Due to the confounded construction of
heterogeneous tissues like WM, GM, and CSF inside the
cerebrum man images, extraction of significant choices is a
fundamental undertaking. Textural discoveries and examination



ISSN: 0976-9102 (ONLINE)

may improve the assignment, totally various phases of the
development (tumor arranging), and clinical guide reaction
evaluation.

A GLCM is a lattice where the quantity of lines and segments
is equivalent to the quantity of dark levels, G, in the image. The
network component P(i,jlAx,Ay) is the overall recurrence with
which two pixels, isolated by a pixel distance (AX,Ay), happen
inside a given area, one with power i and the other with force j.
The framework component P(i,j|d, &) contains the second request
likelihood esteems for changes between dim levels i and j at a
specific relocation distance d and at a specific point (6). Utilizing
countless power levels G suggests putting away a ton of transitory
information, for example a GxG lattice for every mix of (Ax, Ay)
or (d,6). Because of their huge dimensionality, the GLCM are
touchy to the size of the surface examples on which they are
assessed. In this manner, the quantity of dim levels is regularly
diminished. Here one-pixel counterbalance is utilized (a reference
pixel and its prompt neighbor). On the off chance that the window
is adequately enormous, utilizing a bigger balance is conceivable.
The upper left cell will be loaded up with the occasions the mix
0,0 happens, for example the number of times inside the image
territory a pixel with dark level 0 (neighbor pixel) tumbles to one
side of another pixel with dim level O (reference pixel).

5. CLASSIFICATION

In this proposed system, Support Vector Machine (SVM)
classifier is utilized to classify the tumors. It is one of the best
classifiers for brain tumor classification from MRI images. SVM
can efficiently perform a non-linear classification using kernel
trick, mapping their inputs into higher dimension feature space
where constructs a hyperplane. Hyperplane that has the largest
distance to the nearest training-data point (which are commonly
called support vectors). In this proposed method used linear SVM
to classify the tumor image as benign or malignant. Linear SVM
is the simplest case in which the input patterns are linearly
detectable. The most popular kernel functions are: Linear Kernel,
Polynomial Kernel, RBF(Gaussian) Kernel and Quadratic Kernel.

The performance of the kernel is to require information as
input and rework it into the desired type. The most used type of
kernel is RBF, because it has localized and finite response. In
classification the first step is to train SVM by training image (with
both benign and malignant tumor images). Then test image being
processed where SVM compare test image with trained image by
locate all data points(features) in high dimension feature space
under different types of kernel function. In MATLAB there are
two commands “svmtrain” and ‘“‘svmclassify” used for this
purpose.

Table.2. Comparison with Existing Method

Sé%?s?;:g[t'ig?]/ Accuracy | Specificity | Sensitivity
Fuzzy C-means/ANN 90 91 86
K-means Clustering/ SVM 93 86 90
K-means Clustering/ANN 95 88 85

The first SVM algorithmic program was contributed by
Vladimir N. Vapnik and its advanced form was created by Cortes
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and Vapnik in 1993. The SVM calculation depends on the
investigation of a directed learning method and is applied to one-
class characterization issue to n-class order issues. The rule point
of the SVM algorithmic program is to adjust a nonlinear
partitioning objective into a direct change utilizing an activity
alluded to as SVM activity. during this examination, we will in
general utilize the Gaussian part to work for change.

By utilizing a part work, the nonlinear examples can be
changed into a high-dimensional future space where the division
of nonlinear examples or information may get conceivable,
making the grouping helpful. The SVM calculation characterizes
a hyperplane that is isolated into two instructional courses as
characterized in Eq.(1).

fly) = ZT 4(y) + b(1)
where ¢ and b are hyperplane boundaries and is a capacity used
to plan vector into a higher-dimensional space.

The choices decision with bit class separation makes SVM the
default choice for the order of a mind tumor.

The Table.3 shows the SVM calculation’s presentation can be
assessed regarding precision, affectability, and explicitness.

Table.3. Performance evaluation

Expected | Ground Truth
— - Row Total
Outcome |Positive|Negative
Positive TP FP TP+FP
Negative FN TN FN+TN
Column total| TP+FN | FP+TN |TP+FP+FN+TN

The standard rate boundary precision is that the extent of
absolute appropriately arranged cases that zone unit unusually
named strange and unexceptionally delegated customary from the
entire scope of cases inspected. The following shows the
calculations of accuracy, sensitivity and specificity estimations.

Accuracy = (TP+TN)/(TP+TN+FP+FN)

Sensitivity = (TP/TP+FN)

Specificity = (TN/TN+FP)
where TP is that the scope of genuine positives, that is utilized to
point the entire scope of irregular cases appropriately grouped, TN
is that the scope of genuine negatives, that is utilized to point
customary cases appropriately arranged; FP is that the scope of
bogus positive, and it is unable to demonstrate mistakenly
distinguished or characterized anomalous cases; when they are
conventional cases and FN is that the scope of bogus negatives,
it’s wont to show inaccurately ordered or recognized conventional
cases; when they are unusual cases, those result boundaries zone
unit determined abuse the entire scope of tests inspected for the
recognition of the development.

Based on the obtained values of important parameter, the
grade level of tumor will be identified.

* Level | —less than 10%
* Level Il — 10 to 40%
* Level 1l - 40 to 80%
* Level IV —above 90%

* Level I - these are the least malignant tumors and are usually
associated with long term survival. They grow slowly
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associate degreed have a nearly traditional look once viewed
through a magnifier. Surgery alone may be an effective
treatment for this level tumor. Pilocytic astrocytoma,
craniopharnygioma and many tumors of neurons-
gangliocytoma and ganglioglioma for instance are examples
of level | tumors.

Level Il — these tumors are slow growing and look slightly
abnormal under a microscope. Some can spread into nearby
normal tissue and recur, sometimes as a higher level tumor.

Level Il — these tumors are, by definition, malignant
although there is not always a big difference between level
Il and level 111 tumors. The cells of a level 11l tumor are
actively reproducing abnormal cells, which grow into nearby
normal brain tissues. These tumors tend to recur, often as a
level IV.

Level IV- These are the foremost malignant tumors. They
reproduce chop-chop, will have an outre look once viewed
beneath the magnifier, and simply grow into close traditional
brain tissues. These tumors kind new blood vessels so that
they will maintain their rapid climb they even have areas of
dead cells in their centers. The glioblastoma multiforme is
the most common example of a level 1V tumor.

6. SEGMENTATION

Nowadays, image segmentation plays a very important role in
medical image segmentation. The segmentation of tumors from
resonance images is a vital task. Manual segmentation is one of
the techniques for locating growth from magnetic resonance
imaging. In this proposed work, segmentation is done by using
Ramanujan sums algorithm.

6.1 RAMANUJAN SUMS ALGORITHM

Ramanujan Sums (RS) are found to be palmy in the signal
process recently. However, as so much as we all know, the RS
hasn’t been applied to image analysis. during this paper, we tend
to propose 2 novel algorithms for image analysis, as well as
moment invariants and pattern recognition. Our algorithms
compare favorably with the moments of the dual-tree complicated
wave (DTCWT) and thus the moments of the Zernike for 3 well-
known shape datasets in terms of accurate classification speeds.

The Ramanujan sum cq(n) has been utilized by
mathematicians to determine numerous significant boundless
arrangement extensions for number-crunching capacities in
number hypothesis. Strangely, this total has numerous properties
which are alluring according to the perspective of advanced sign
handling. One of these is that cq(n) is intermittent with period q,
and another is that it is consistently whole number esteemed
regardless of the presence of complex foundations of solidarity in
the definition.

Architects and physicists have in the past utilized the
Ramanujan-whole to extricate periodicity data from signals.
Lately, this thought has been grown further by presenting the idea
of Ramanujan-subspaces. In view of this, Ramanujan word
references and channel banks have been created, which are
helpful to recognize number esteemed periods in perhaps
complex-esteemed signs. This paper gives an outline of these
advancements from the view point of sign handling.

q q
¢ (n)= HZ w," :Hz W, 2)
(k.a)=1 (k)1

where Wq = 729 and (k,q) denotes the gcd of k and g. So, the sum
runs over those k that are coprime to g. For example, if g=10, then
k €{1,3,7,9} so that:
ClO(n) i ej21[n/10 + ej(mn/lO + ej47m/10 + elenn/lO
Ramanujan used this sum to derive many important infinite
series expansions for arithmetic function in number theory.

7. RESULTS AND DISCUSSIONS

The Fig.2 shows the corresponding outputs of the proposed
system.

) (k) V)

Fig.2. Segmented and area extracted result of brain MR image
(a) Original image (b) Enhanced image (c) Skull-stripped image
(d) Wavelet transpose image (e) Intense segmented image (f)
Inverse intense image (g) Gray matter (h) White matter (i) CSF
(j) Dice overlap image (k) Eroded image (I) Area extracted
image
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In results and discussion initially, the original image has been
taken which is named as (a) after that the image enhancement
technique is used to enhance the clarity of the image. Skull
Stripped image is the one in which the brain tissue is segregated
from the whole image for the analysis which has been shown in
the images named (b), (c) finally wavelet transpose is applied to
skull-stripped image and results are shown (d).

In the second part, intense segmented image is used in which
the affected part and not affected part are segregated there of the
inverse of intense segmented image is produced. Finally, the
image which has the tumor is identified and segmented.

Brain tumor is an anomalous development of cells inside the
mind or in the focal spinal waterway. An MRI [17] Brain tumor
image is taken as info. As an underlying advance preprocessing,
this is being done by utilizing Standard Median Filter so as to
expel the Salt and Pepper Noise.

Image Enhancement is finished with the assistance of
difference extending (Histogram Equalization) by consistently
reconvening the dim qualities. Then Classification is done using
Support vector machine classifier. Classification is done based on
the tumor area. Accuracy is also compared with the other models
and algorithms.

8. CONCLUSION

Brain tumors are caused by abnormal and uncontrolled growth
of the cells within the brain. In this paper, detection of brain tumor
from MRI images using Histogram Thresholding and SVM
algorithms gives better result than that of existing techniques.
This proposed system, also used to analysis the severity level of
tumor for earlier detection.
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