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ABSTRACT

Brain tumor detection is one of the most complex problems due to its anatomical structure. Medical
segmentation has always been the challenging part in curing 6x brain tumors. In such cases, deep learning
algorithms have made it easier to perform segmentation such as Convolutional Neural Networks (CNN):
UNET, Bit plane method. Using these methods of computer visions we have increased the rate of successfully
detecting the tumor. Extensive use of biomedical image segmentation has resulted in acquiring accurate
results which has given high rates of curing the tumor. In this paper, we propose to combine different
techniques like 3D MRI, UNET architecture and Bit plane method to perform segmentation of Enhancing
Tumor, Tumor Core and Whole tumor which are the subregions of Gliomas.

Keywords - Brain tumor, 3D MRI, UNET architecture, Bit plane method, CNN, BRATS challenge 2020.

MOTIVATION:

Brain tumor has been one of the most complicated problems of medical science. In order to cure the
patients of brain tumor, it is very necessary to detect the area of tumor in the brain. Earlier, in the
olden days, the surgeons opened up the whole skull area to detect the area of infection which caused
a lot of blood loss and even deaths. But now due to computer technologies, it has become easier to
detect the area of infection and cure the brain tumor.

The motivation of this paper is to detect the brain tumor and perform accurate segmentation in order
to precisely perform the surgeries and cure the tumor.

INTRODUCTION

Deep learning is the class of machine learning. Deep learning algorithms use multiple layers in order
to solve complex problems. In this paper, we have used methods like CNN, UNET, Bit plane method
to perform segmentation over the tumor affected area of the brain.

The main problem of detecting brain tumor is its area of infection as well as the intensity. Hence
image segmentation is done. There are three different types of Image segmentation: First, Object
detection is done to trace the boundaries of the tumor in the brain and just find the overall object
Second: Semantic Segmentation. It deals with detecting the boundaries of the object. It gives us the
idea of the area that is covered by objects and differentiates from the rest of the background Third:
Instance Segmentation. This procedure will accurately separate every different object present. For
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eg. If there are three tumors present in the brain at different places, then they will clearly locate the
tumor and indicate it with a color, while the rest will be shaded in different colors. Image
segmentation helps to identify the borders of the tumor in the brain which gives a clear idea of the
infected area rather than opening up the whole skull to extract the infected area.

The images are collected from the dataset BRATS 2020 in order to perform segmentation. The 3D
images in the datasets are collected and then converted in 2D arrays which makes it easier to perform
segmentation. The 2d arrays will be helpful as a gray scale. Gliomas is detected with the help of
many mathematical models such as bit plane method, UNET,

In the bit plane method, the brain affected by the tumor is sliced into many pieces in order to identify
the exact amount of tumor. This process helps in accurately detecting the amount of tumor and curing
it. efficiently. During this process the most significant bit(tMSB)and the least significant bits(LSB)
are used to significantly identify and change the values encoded by the byte.

Contains the majority of

/,.9 visually significant data

- ——» Bit plane /7 (MSB)
/ / Other bit planes contribute
-3 to more subtle details in an
/ / image
.
-
mm./mm;. Bit p/0 (LSB)

Fig (1)

Bit plane slicing is a way to represent the image with one or more bits of the byte. As shown in fig
(1) by using the MSB, we can reduce the gray scale to the binary scale. This binary scale is then
divided into three different matrices i.e three different bit planes.

3D Magnetic Resonance Images are acquired to check the tumor in all directions to identify the
intensity of the tumor. Later after the MRI, Bit Plane slicing method is used to further the procedure
of slicing the brain area to detect the exact location of the tumor and remove it. With the UNET
procedure method is applied to distribute the complex problem into different part and work in parts
easily as shown in fig (2)
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LIVE SURVEY

Tata Memorial Hospital; They have designed a novel 3D U-Net architecture that segments various
radiologically identifiable sub-regions like edema, enhancing tumor, and necrosis. Weighted patch
extraction scheme from the tumor border regions is proposed to address the problem of class
imbalance between tumor and non-tumorous patches. The architecture consists of a contracting path
to capture context and the symmetric expanding path that enables precise localization.

Results: The proposed architecture achieved Dice scores of 0.88, 0.83, and 0.75 for the whole tumor,
tumor core and enhancing tumor, respectively, on the BraTS validation dataset and 0.85, 0.77, 0.67
on the test dataset. The results were similar on the independent patients' dataset from the hospital,
achieving Dice scores of 0.92, 0.90, and 0.81 for the whole tumor, tumor core and enhancing tumor,
respectively.

2) Apollo Hospital: Dr. Punit Sharma (MD at Apollo hospital) proposed a work which provides an
efficient method for automated brain tumor segmentation on standard benchmark datasets. The
quantitative analysis and visual interpretation of the evaluation results signify the effectiveness of the
present work. In the present work, Patch based K-means is used for skull stripping whereas FPCM is
used to initially identify brain tumor and shape based statistical measurements have been done on
region of interest (ROI) to quantify tumor region. Automated tumor segmentation and estimation
from the magnetic resonance imaging (MRI) is a very crucial task from a medical point of view due
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to high varieties of tumor tissues. The advantage of using the MR images is to provide the anatomical
structure of the brain that plays a significant role during automated brain tumor detection. In this
work, a method for brain tumor segmentation from MR images is proposed which is based on fuzzy-
possibilistic C-means (FPCM) and shape based topological properties to identify the exact tumor

region
ALGORITHMIC SURVEY
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rks Journal: 50
IEEE
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Figure of
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Images

Algorithm Strategies

Originally a 2d Convolution
Layer is an entry per entry
multiplication between the
input and the different filters.
In a 3d Convolution Layer, the
same operations are used. We
do these operations on multiple
pairs of 2d matrices. In a 3d
Maxpool (2x2x2), we look for
the maximum element in a
width 2 cube. This cube
represents the space delimited
by the 2x2x2 zone from the
input.

Agenetic algorithmis a
search heuristic that is inspired
by Charles Darwin’s theory of
natural evolution. This
algorithm reflects the process
of natural selection where the
fittest individuals are selected
for reproduction in order to
produce offspring of the next
generation. Five phases are
considered in a genetic
algorithm.

Initial population
Fitness function
Selection
Crossover

Mutation

Processing time and
Complexities

Comparatively more

processing time is
required  (compared
with 2D CNN)

Due to Parallelism,
easily modified and
adaptable to different
problems, the nature
of GA processing time
is much better.

Research gap

It has high
computational
complexity and
excessive

memory usage

1)GA is
computationall
y expensive ie.
Time
consuming.

2) Designing an

objective
function  and
getting the

representation
with the
operators can be
difficult.

3) Genetic
algorithms  do
not scale well
with
complexity.
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MATHEMATICAL MODEL

In this paper, we have used different mathematical models to perform segmentation and detect the
tumor. Following are the models

1. Edge base detection and variance method
The goal of variational methods is to find a segmentation which is optimal with respect to a
specific energy functional. The functionals consist of a data fitting term and a regularizing
term. A classical representative is the Potts model defined for an image defined for an image

f.

|1 By || + (B — B)?

A Gaussian model is used for the marginal distribution.

1 —(—())2/<2()2)
(@) 22

A one-dimensional image f that has exactly x=0 one edge placed at may be modeled as:

0@ =% (() +1)

2. Rough set based fuzzy clustering:
A rough set-based fuzzy clustering consists of two steps, initial clustering based on rough set
and secondary clustering based on fuzzy equivalence relations. RSFCL algorithm has
preferable clustering validity and high run efficiency in handling the clustering problems of
both numerical data and nominal data.
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Definition 2. Fuzzy Similarity Between Two Initial Clusters
Let C; and C; are two initial equivalence clusters, for ka € Ci and Vx e Cj, and

then the fuzzy similarity between the two initial clusters is defined by

2.0 1)

r(C,C.)= -
: ntn _z;l 5.;

I if x,e[x]y forallx €[x];

Where P = , My = ‘[xk]kk‘ and 1) = ‘[XI]R, ’

0 otherwise

3. Performance score:
The performance scores consider three metrics: Dice score, Positive Predictive Value (PPV,
i.e. precision) and Sensitivity (i.e. recall). The three metrics are respectively defined:
Dice= (2TP/ FP+2TP+FN)
Sensitivity= (TP ITP+FN)

PPV= (TP | TP+FP), where TP, FP and FN are the numbers of true positive, false positive
and false negative detections, respectively. In addition, Specificity is also a useful indicator
for the receiver operating characteristic (ROC) curve, which can be calculated with the
number of true negative (TN) by:

Specificity = (TN/ TN+F)

GRAPHICAL REPRESENTATION:

The below graphs show the time taken to detect the tumor in the brain.
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The below two graphs show the accuracy predicted and the recognition rate acquired in the papers
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In this paper, we have successfully acquired the complete and enhanced procedures to detect brain
tumors and cure them. Segmentation techniques are extensively used to identify the affected are of
the brain. We have seen that methods like UNET and Bit plane slicing are done to simplify the
complexity of the tumor. 3D MRI is the most important aspect of the process which further leads to
slicing of the tumor to accurately identify the object(tumor) and destroy it with biomedical science.
In the future, we would like to reduce much more complexities and make medical science problems
easily curable.
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