STUDY OF BRAIN REGION SEGMENTATION

USING CONVOLUTIONAL NEURAL
NETWORK

A PROJECT REPORT

SUBMITTED IN PARTIAL FULFILMENT OF THE REQUIREMENTS
FOR THE AWARD OF THE DEGREE
OF
MASTER OF TECHNOLOGY
IN

BIOINFORMATICS

Submitted by:

SACHIN SINGH
(2K18/B10/09)

Under the supervision of

Dr.Asmita Das
(Assistant professor)

DEPARTMENT OF BIOTECHNOLOGY
DELHI TECHNOLOGICAL UNIVERSITY

(Formerly Delhi College of Engineering)
Bawana Road, Delhi-110042

JUNE, 2020




DELHI TECHNOLOGICAL UNIVERSITY
(Formerly Delhi College of Engineering)
Bawana Road, Delhi-110042

CANDIDATE’S DECLARATION

I, Sachin Singh, 2K18/BI0O/09 of M.Tech (Bioinformatics), hereby declare that the
project Dissertation titled “BRAIN REGION SEGMENTATION USING
CONVOLUTIONAL NEURAL NETWORK?” which is submitted by me to the
Department of Biotechnology, Delhi Technological University, Delhi in partial
fulfilment of the requirements for the award of the degree of Master of Technology, is
original and not copied from any source with proper citation. This work has not
previously formed the basis for the award of the Degree, Diploma Associateship,
Fellowship or other similar title or recognition.

Place: Delhi SACHIN SINGH

Date: 25/06/2020 (2K18/B10/09)




DEPARTMENT OF BIOTECHNOLOGY
DELHI TECHNOLOGICAL UNIVERSITY
(Formerly Delhi College of Engineering)
Bawana Road, Delhi-110042

CERTIFICATE

I hereby certify that the Project Dissertation titled “ STUDY OF BRAIN
REGION SEGMENTATION USING CONVOLUTIONAL NEURAL
NETWORK”  which is submitted by Sachin Singh (2K 18/B10/09),
Department of Biotechnology, Delhi Technological University, Delhi in
partial fulfillment of the requirement for the award of the degree of Master
of Technology, is a record of the project work carried out by the student
under my supervision. To the best of my knowledge this work has not been
submitted in part or full for any Degree or Diploma to this University or

elsewhere.

/‘Lb%—x

Dr. ASMITA DAS

Prof. JAI GOPAL SHARMA

- (Head Of Department)
Dept. of Bio-Technology

Assistant Professor
(Supervisor)
Dept. of Bio-Technology,
DTU, Delhi-110042




ACKNOWLEDGEMENT

| would like to express my heartfelt gratitude to all those who have
contributed directly or indirectly towards obtaining completion of
this project. I am grateful to my esteemed supervisor, Dr. Asmita
Das (Assistant Professor), who has guided me through thick and
thin. 1 would also like to acknowledge the many helpful comments
received from my Teachers of the biotechnology and bioinformatics
department.

| am obliged to all those who provided reviews & suggestion for
improving the result and the topics covered in my project, and extend
my apologies to anyone if | may have failed to mention.

Sachin Singh
(2K18/B10/09)

Dept. of Bio-Technology,
DTU, Delhi-110042




Figure No

Figure.
Figure.
Figure.
Figure.
Figure.

Figure.

Figure.
Figure.
Figure.
Figure.
Figure.
Figure.
Figure.
Figure.
Figure.
Figure.
Figure.

Figure.

Figure.

2.1
3.1
3.2
3.3
3.4
3.5
3.6

4.1
4.2

4.3
4.4
4.5
4.6
4.7
4.9 (a)
4.9 (b)
4.9 (c)
4.9 (d)
4.9 (e)

LIST OF FIGURES

Description

Showing the MRI image of brain

Fundamental Steps in Digital Image Processing
Seeded Region Growing
Region Split and Merge method
Steps followed in FCM algorithm

MRI images in different plane

Effect of maxpooling layer operation

MRI images captured in different planes

Steps involved in tumour detection
Preprocessing of image

Padding is applied to reduce the information loss
It shows a simple neural network

Network architecture of CNN

The steps involved in feature extraction

Code implementing denoising function

Code implementing detection of tumour region
Code padding and compute overlapping pixels

Code to compute weights and pixel similarity

Code to evaluate psnr and metrics

Page No.

10
11
13
14
16

17

18
19
20
21
23
25
26
26

27
27




Figure.
Figure.
Figure.
Figure.
Figure.

Figure.

5.1
5.2
5.3
5.4
5.5
5.6

The original MRI image is preprocessed
Result for image 1

Result for image 2

Result for image 3

Result for image 4

Result for image 5

29
30
30
31
31
32




Table No

Table. 3.1

Table. 4.1

Table 5.1

LIST OF TABLES

Description

Advantages and Disadvantages

of Image Segmentation Methods.

Confusion matrix is calculated which
gives relation between predicted and
actual value,if predicted positive and
actual positive both matches then we
say true positive(TP) otherwise false
positive(FP),calculate performance of
classifier for test data whose true value

are known.

The table shows us performance measure
of different input images and we calculate
the psnr(signal to noise ratio),specificity,
sensitivity and accuracy to check how our
network is performing on different sets of
data.

Page No.

12

24

28




BraTS

CNN

DL

ED

ET

FCN

GT

HGG

LR

MICCAI

MRI

NET

SGD

SR

SRG

UsRG

LIST OF ABBREVIATIONS

Brain Tumor Image Segmentation

Convolutional Neural Network
Deep Learning
Peritumoral Edema

Enhancing tumor
Fully Convolutional Neural Network
Ground Truth

High Grade Glioma

Learning Rate

Medical Image Computing and Computer Assisted Interventions
Magnetic Resonance Imaging

Non-Enhancing Tumour

Stochastic Gradient Descent
Segmentation Result
Seeded Region Growing

Unseeded Region Growing




CONTENTS

TOPIC

LIST OF FIGURES
LIST OF TABLES
LIST OF ABBREVIATIONS
1. ABSTRACT
2. INTRODUCTION
2.1 OVERVIEW
2.2 PROBLEM STATEMENT
2.3 OBJECTIVE
2.4 THESIS LAYOUT
3. REVIEW OF LITERATURE
3.1 IMAGE SEGMENTATION

3.1.1 INTRODUCTION
3.1.2 IMAGE SEGMENTATION TECHNIQUES

3.1.2.1 THRESHOLD BASED SEGMENTATION

3.1.2.2 REGION BASED SEGMENTATION

3.1.2.3 FUZZY C-MEANS CLUSTERING METHOD (FCM)

3.1.3 CONCLUSION

3.2 MRI IMAGES
3.3 MICCAI BRATS COMPETITION
3.4 CONVOLUTIONAL NEURAL NETWORK

4. METHODOLOGY

PAGE NO

I-11
1
\Y,

1-2

2-4

8-9
10-11
12

13
13
14

15-27




4.1 DATA
4.2 STEPS IN BRAIN TUMOUR SEGMENTATION
4.2.1 PRE-PROCESSING
4.2.2 SEGMENTATION VIA CONVOLUTIONAL
NEURAL NETWORK
4.2.3 PERFORMANCE MEASURE

4.3 IMPLEMENTATION ENVIRONMENT
4.4 IMPLEMENTING CODES IN MATLAB

5. RESULTS AND DISCUSSION
6. CONCLUSION

7. FUTURE PERSPECTIVE

8. REFERENCES

APPENDIX |
APPENDIX 11

15-16

16-17

17-19
20-23

24
25
25-27

28-33

33

34

34-38

39-40
40-44




STUDY BRAIN REGION SEGMENTATION
USING CONVOLUTIONAL NEURAL
NETWORK

SACHIN SINGH
Delhi Technological University, Delhi, India

1.ABSTRACT

Magnetic Resonance Imaging (MRI) is used in medical imaging for detection of tumours and visualize
brain tissues.This is done manually by expert radiologist and this takes good amount of time. The
traditional method of MRI evaluation of tumour depends greatly on qualitative features,like density of
tumour,growth pattern etc. Brain Region Segmentation is important in neuroimaging application, for
example, alignment of images, surface reconstruction etc.The previous methods depends upon the
qualitative features and is very sensitive to errors. Noise and errors need to be reduced and efficiently
delineated, very less work is done in automatic tumour detection using deep learning methods and
there is lot of areas which can be explored. The deep learning method is very much different from the
machine learning method. The machine learning method uses algorithms to input data, learn from
given data, and make decision based on the experience or learning whereas the deep learning can learn
and make decisions on its own. Deep learning has a capability of learning from data that is
unstructured or unlabeled. In deep learning, the algorithms try to learn using method of feature
extraction which is very different and makes the model fully automatic, here we don’t require any
handcrafted feature. In traditional method we need to develop feature extractor for different problem,
so we use deep learning which reduces effort of developing different feature extractor for different
problem.

In this project we made a literature review on the existing methods used for segment brain tumour for
exploring the most efficacious approach and decided to use Convolutional Neural Network
(CNN).CNN learns features from the input image with the help of supervised learning or unsupervised
learning. In one of method of 2-D patch extraction could achieve accuracy of 88% where the network
architecture is inspired by VGG Network, high grade and low grade network differs in number of
convolutional layer preceding a max-pooling layer. In other,they have used encoder-decoder type
neural network and achieved accuracy of 87.2%. In a single forward pass, previously discussed patch
based technique are slow as network predicts only centre pixel of patch. In the present study, we have
used supervised learning to learn the features from the input images and found that Convolutional
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Neural Network can achieve good accuracy.In CNN, the network in starting phase learns low level
feature like lines or edges and then slowly learns the high level features. The present method achieved
accuracy of 90-94% which is a good achievement in this field. MICCAI-BRATS challenge 2015
dataset is utilized in the present study. In present method, there are total of 245 MRI images which are
further divided into 110 image for training the network and 145 images for testing the data.

Keywords:Magnetic Resonance Imaging, neuroimaging, convolutional neural
network, MICCAI-BRATS challenge.

2.INTRODUCTION

2.1 Overview

Brain is a complex organ which consists of huge number of working cells. Tumour which starts in the
tissue of brain called primary brain Tumour.lt can be further divided into malignant containing
cancerous cells and tumour with no cancer cells called benign.The malignant tumour has rapid and
uncontrolled growth which can lead to death.So they are further divided in-

e HGG (High Grade Glioma i.e malignant tumour)
e LGG (Low Grade Glioma i.e Benign Tumour)

“Figure 2.1 MRI image of brain,the idea behind technique is different tissue under similar
magnetic feld shows different behavior when exposed to radio waves .”

Brain tumour is among dangerous diseases human face,less than 20% of brain tumor patients survive
2




beyond five years of their diagnosis.Brain tumour are main reason for death in children and young
generation. Brain tumours are Gliomas,we typically refer to them as brain tumours.They affect the central
nervous system or they usually are in brain and this is the serious illness which has a survival rate less than 2
years [1].The patient are typically monitored by MRI imaging,it is non-invasing and non-ionising radiation is
used.The idea behind imaging is that you can visualize the tumour non-invasively and by looking at tumour and
measuring its size,doctor use that as a marker for figuring out if tumour is progressing or responding to
medication.So segmentation or delineating the pixels corresponding to tumour is important.lt is typically done
manually by expert radiologist ,however it can be very time taking and if there is very large patient and want to
do meta analysis than it is not possible.So in order to augment the radiologist effort, brain region segmentation
IS an important step in medical image application [2].The accuracy of already previous methods relies on the
geometry of image,so if it fails then chance of success decreases. In order to avoid this, it is deep learning
algorithm that can effectively segment the glioma and can be very valuable.The network learns the
connectedness and shape of brain and the performance of Convolutional Neural Network(CNN) resuts is very
close to ground truth results given by experts.

Challenges in Brain Tumour Detection-

e The traditional method of MRI evaluation of tumour depends greatly on qualitative features,like
density of tumour,growth pattern and acellular composition etc [3].

e The methods in use are slow and costly,so there is need for method which is fast and cost
effective for early detection of tumour so that many lives can be saved.

e The methods in use require expert radiologist and if there are large number of patients and we
will not be able to do meta-analysis.

e The manual diagnosis requires several hour of concentration from radiologiost,therefore,it is
exposed to human error.

2.2 Problem Statement

To build up a solution that portions tumor sub-districts from multimodal Magnetic Resonance
Imaging(MRI) into:

e Peritumoral Edema (ED).

e Enhancing tumor (ET).
e Necrotic (NCR) and Non-enhancing tumor (NET).




2.3 Objectives

» To make a literature review of past methods utilized in Brain tumor segmentation and discuss the
methodologies used.

 To build up an deep learning model to find tumour regions in brain with high accuracy.

2.4 Thesis Layout

e Chapter 3 (Literature Review): background knowledge required to solve the problem and some
previous methods used to solve the problem.

e Chapter 4 (Methodology): discussion about our approach to solve the problem of segmentation.
e Chapter 5 (Results): provide the results obtained from solution provided.

e Chapter 6 (Conclusion): comments on the outcome of result.
e Chapter 7 (Discussion and Future Work): discuss of what more can be done to improvise our
result and possible future work.




3. REVIEW OF LITERATURE

This was one of the winning entries in 2016 BRATS competition [S. Pereira May 2016 pp1240-
1251]. The CNN were trained on 2D patches of MRI used to predict class of centre pixel. There
was separate network of high grade glioma and low grade glioma. There was lot of preprocessing
done like histogram matching in which intensity is made unform throughout. The classification task
is done so it also make use of loss function which is calculated and alongwith label we can predict
the results [1].Training is done with patches of size 33*33 extracted from MRI images and input to
network to predict class of centre pixel of patch. The network architecture is inspired by VGG
Network, high grade and low grade network differs in number of convolutional layer preceding a
max-pooling layer. The low grade glioma network has higher dropouts in fully connected layer than
high grade network.Testing is done for patches of size 33*33 extracted from MRI image input to
trained network. Patches were fed to trained network based on grade of lesion. The network to
predict class of centre pixel of patches and connected components analysis is performed to reduce
false positive.The above method was able to obtain dice similarity coefficient metric (0.88, 0.83,
0.77) for the challenge data set.Also, it secured first position by online evaluation platform.

One of method used encoder-decoder type CNN fully convolutional neural network [Alex V Sep
2017 (pp. 216-225) Springer,Cham]. In a single forward pass, previously discussed patch based
technique are slow as network predicts only centre pixel of patch. So inference time is reduced by
either predict class associated to subset of pixels in image or patch or predict class of all pixels in
image in a sinlge forward pass.Network accepts input of 240*240 and predicts class associated to
all 240*240 pixel in one pass. The network has encoder which consists of convolutional layer and
max-pooling layer, also it has decoder which consists of transposed convolutional layer. The skip
connection made use in network to combine low level high resolution feature and high level low
resolution features. In testing, axial slice of brain are fed to be used to train the network. The
coonected components ate used to reduce the false positive. A single forward pass, generates
segmentation mask for entire, slice of brain.The result obtained were good, dice score when using
validation dataset 0.87 for whole tumour, 0.81 for core substructure and 0.72 for enhanced region.

One of better method used 2-D Tiramisu-103 for segmentation of brain tissue [Shaikh M Sep 2017
(pp. 309-219) Springer,Cham]. Tiramisu-103 is a semantic segmentation network with dense block,
transition Down and Transition Up. Training and Testing regime similar to U-Net. The
postprocessing using connected components and Conditional Random Fields. The Transition Down
layer has batch normalization, ReL. U layer followed by 1*1 convolutional layer, dropout of 0.2 and
max-pooling layer of 2*2 whereas Tansition Up layer 3*3 convolutional layer with stride 2. The
dense block which consists of series of convolutional layer and each layer receives features learnt
in the preceding layer as the input. The memory explosion maintained by learning a small number
pf feature per layer growth rate (k=4). Transition Down is used to reduce the spatial dimension of
the features and used in downsampling path of the network. Transition Up comprises of transposed
convolution and used to increase the spatial resolution of the feature maps.The result obtained has
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accuracy of almost 0.85 and dice score 0.85-0.87 for whole tumour, and 0.79 for enhanced tumour.

The building block of 3-D tiramisu is similar to 2-D variant [K. Kamnitsa et al 2016 pp 18-22]. The
convolutional oprations are 3-D in nature and input to network is a 642 patch, stratified sampling
from all classes to circumvent class imbalance. The 3-D connected components and CRF are
postprocessing techniques utilized. The method used Deep Medic which is a 3-D convolutions aid in
providing greater context to the network about the lesion. The memory requirement which is
restricted by patch based technique is overcome. The training comprises of dual pathway —

» Local features at high resolution.
» Global features at low resolution.

Local features learnt from patches of size 253 while global feature is learned from patches of size
513, The larger patches are resized to 19° and fed to the network. Network comprises of residual
connections and global and local pathways are fused after a series of convolution. The network
predicts the center 9% voxels of the input patch.In testing, during inference since network is fully
convolutional the patches for larger sizes can be used for fasten the prediction time. 64 patches are
extracted from MR volumes with a stride of 32. The stride was found to be useful for boundary
voxels in the patches. Segmentations generated with stride seemed to be more smoother than un-
strided approach. CRF was additionally done to smoothen the prediction made by the network.

We discuss a completely programmed cerebrum tumor division strategy dependent on Deep Neural
Networks (DNNs) [M. Prastawa Dec 2015 pp. 1993-2024]. The proposed systems are custom fitted
to glioblastomas (both low and high evaluation) envisioned in MR pictures. These tumors have
practically any sort of shape, size, and difference. Here, we give a depiction of various model
decisions that we've seen as essential for acquiring serious execution. We present a novel CNN
design which varies from those generally utilized in PC vision. Our CNN abuses both
neighborhood includes just as increasingly worldwide logical highlights all the while. Likewise,
unique in relation to most customary employments of CNNs, our systems utilize a last layer that is
a convolutional usage of a completely associated layer which permits a 40 overlay accelerate. At
long last, we investigate a course engineering where the yield of a fundamental CNN is treated as
an extra wellspring of data for a resulting CNN. Results provided details regarding the 2013
BRATS test dataset uncover that our design improves over the as of now distributed best in class
while being more than multiple times quicker.

3.1 IMAGE SEGMENTATION

3.1.1 Introduction

Image Segmentation is an essential work in visualization of medical image. It can be utilized in
icomputer vision and digital image processing. The accuracy of many application depends greatly
upon technique of image processing used. We have discussed in detail about different image
segmentation technique and methods of various type.




3.1.2 Image Segmentation Techniques

The process in digital image processing is shown in figure 3.1 . The image captured by camera is
encoded by image acquistion. In image enhancement,we modify the image so that it can be used for
particular activity. Image Rotation is done to make similar alignment for all set of images. In
Morphological method, we extract features that will be useful in image presentation [4]. Image
Segmentation is important step and most crucial as it is difficult to implement.In this, we separate
the objects from rest of background.Representation is the step for representing image data
completely or boundary region.Recognition is step in which we add labels to our image based on
feature learned in previous steps.

/ Morphological
Image Rotation Processing
Image Representation &
Enhancement Description
Image Acquisition Object Recognition
Input

“Fig. 3.1 Fundamental Steps in Digital Image Processing”
The whole process of image segmentation depends on variation of intensity values.In similarity
based method, picture is partition by gathering associated pixels in the locale which fulfill
predefined likeness models [5].In discontinuity based technique,image is divide by alteration in

intensity values. In detection of boundary,one region is split into two and we apply different filters.

3.1.2.1 Threshold Based Segmentation

This is easy approach for segmentation of image depending upon intensity values.The idea is that
pixels which are in certain range belong to one class and pixels out of range belong to different
class [6]. It can be done in two ways-

» Global Thresholding-In this, we make use of single threshold value to test the whole image.




» Local Thresholding-In this,we divide the image into subimages and use different threshold
values for every subimages.

fuv) =T
otherwise

g(wv) = {0 L (3.1)

Where T is predefined threshold.

3.1.2.2 Region Based Segmentation

In this method, the basic principle is grouping of neighbour pixels and neighbour pixels in one
region have same characteristics and different from pixels of other regions.Every pixels is checked
with neighbor pixel for similarity check depending upon texture,brightness,colour etc [7]. If it
matches the neigbour pixels,the new pixel is added to neighbor pixel and region grows.

This is further classisfied into two categories which follows as-

» Region Growing Method -

In this method,pixels which belong to one region are given mark which is not the same as names of
other area.This is again classified as Seeded Region Growing (SRG) and Unseeded Region
Growing (UsRG).

Seeded Region Growing (SRG) -

Select seed pixel inside image to begin division process.
Decide parameters to grow the region..

The pixel is included in the district in the event that it is associated with one of pixels in
the region.

After the pixels are tested,we label the regions..

Now,if two different regions are similarly labeled we merge those regions.




Region Growing: Red nodes are active front

Remove pixel p from active front and mark it as
region [p] and add all neighbors to set region [q]

“Fig. 3.2: Seeded Region Growing”

Unseeded Region Growing (UsRG) -

This is based on pixel similarity within the region.It is depends on tuning parameters and
completely automatic.The steps followed are-

+ Firstly we name the segmentation process with region S1 with single pixel ,afterwards based
on similarity and dissimilarity we get S1,S2,.....Sn regions [8].

« The pixels are tested based on similarity and allocated to specific region Si,depending upon
threshold value it it allocated to different regions.

» Repeat the above strides for every outstanding pixel.

» Region Split and Merge Method

In this,we consider the entire image as single region and then image is divided into four different
regions depending on certain conditions. Fig. 3.3 describes this method of segmentation.




“Fig. 3.3: Region Split and Merge method”

The method follows as:
« Condition of segmentation is predefined.
» Make pyramid data structure for image.
« Create four regions with numbering and nodes are given fragment number.

« The whole procedure is repeated until no further division or grouping is possible.

» Clustering Based Segmentation

In this segmentation technique, pixels with similar features are grouped together [9]. The k-means
algorithm is used in this method to group data together.This is a unsupervised approach and
generates optimal solution. Hence, to obtain correct input features and optimal solution we need
proper choice of initial parameters.The k-means algorithm follows following step-

» Fix the number of wanted clusters or group, say K initially.

 Initially place the k clusters centre at different positions in image.

» The pixels are assigned to those cluster whose centre is at minimum distance from pixels,

« Now,new cluster centre is calculated based on assigned pixels.

« Entire process is repeated until no change is required.

10




3.1.2.3 Fuzzy C-means Clustering Method (FCM)

It is a repetitive clustering technique used for shading picture division. In this, pixel may have a
place with more than one bunch so participation level is given to every pixels [10]. In this, along

with cluster center objective function is also required to generate fuzzy partition matrix.

Obijective function for FCM is -

T T q
FCM :Z Z (ul,]) dz(p],ul)
=1 j=1

Where p={py p,...Pn} € R
n-number of data points

c- number of clusters2< c <n

(3.6)

The target elements of proposed FCMs are basically done for improving the strength of getting
significant groups and alluring participations, and advance the close estimation of genuine world

datasets.

Select No. of cluster centers randomly from the Dataset

Compute Euclidian Distances of cach object from cluster center

;

Assign cluster number to each instance based on Euclidian

distance

Find out new cluster center by computing mean of all instances

in a cluster

If previous cluster center 1s

same as new cluster center

“Fig. 3.4: Steps followed in FCM algorithm”
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3.1.3 Comparsion of different segmentation algorithm

The various methods used for image segmentation performs good and relies on various factors, for example,
intensity, surface, arrangement and so forth. Hence neither the single technique is relevant to all pictures nor

do all the division strategy performs well for one explicit picture.

result.

Method Advantages Disadvantages
Works well for images
having good contrast For all type of images, single
between regions. operator doesn’t suits.
Discontinuity Gecond order differential Size of operator and
based operator gives reliable computational complexity are
Method proportional to each other.

Generally boundaries
determined are discontinuous.

Cluster based

For small values of k, k-

means is computationally

faster.

Eliminates noisy spots.

Difficult to predict k with fixed
number of clusters.

Sensitive to initialization
condition of cluster number

converge very well.

Method Reduces false blobs. and centre.
More homogeneous Computationally expensive.
regions are obtained. Doesn’t works well with non
globular clusters.
FCM is better than K- Sensitive to noise.
Fuzzy C - means. Computationally expensive.
INEANS FCM Unsupervised and Determination of fuzzy
Method

membership is not very easy.

“Table. 3.1: Advantages and Disadvantages of Image Segmentation Methods”

3.2 MRI Images
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Magnetics Resonance Images (MRIs) are significantly used for visualizing brain, there are
numerous sequences of MRI. The tissues have different appearance in different MRI mode such as
white matter in one sequence have high intensities of light while shows a dark region in other
sequences, thus we can say different sequences give different kind of biological information.

The basic idea behind MRI is that different tissue when exposed to different magnetic field shows
different behavior when exposed to radiowaves [11]. The 3D-Brain images in different plane:
Axial, Coronal and Sagittal planes as shown in Fig. 3.6.

“Fig. 3.5: MRI images in different plane”

3.3 MICCAI BraTS Competition

The MICCAI challenge on Brain Tumour Image Segmentation is worldwide competition and
people come up with different methods and algorithm for tumour segmentation in MRI. It was held
in 2012 first time with Medical Image Computing and Computer Assisted Interventions (MICCALI)
and then it was held every year [12]. BraTS 2016 competition aim was to find whether tumour is
growing or shrinking and in 2017 the aim was to find survival rate of patients with tumour.

Gliomas are most ordinary sort of tumor which is further divide into low grade glioma (LCG) and
high grade glioma (HCG).MICCAI provides participant with large dataset which consists of
multicentric data i.e data from different hospital and different scanners.The segmentation criteria
depends on various properties like peritumoral edema (ED), enhancing tumour (ET), Non-
enhancing tumour (NET) and these properties shows different behaviour under radiowaves, hence
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various image processing technique can be applied to segment the tumour regions.

3.4 Convolutional Neural Network

Neural Networks are machine learning tools that work in similar manner as brain and process the
data.The data is given as input to neurons which is forwarded to various layers and mapping is done
between input and output layers.The deep learning networks have multilayer structure to process
the data in each layer, the more number of layers helps in producing more accurate result [13].

Convolutional neural system is a deep forward neural network which is different from
backpropagation neural network as later relies on extracted handcrafted image features while CNN
does not depend on any handcrafted feature, it works directly on image to extract useful and
important features for segmentation.

The various layers in Convolutional Neural Network:
+ Convolutional Layers

During the training phase,various filters are applied to input images to reduce the size of input
images and detect features to label the data so that. Data are grouped according to feature i.e data having
same feature are placed in one group.For ex-if we are giving 6*6 input image apply filters then we get 3*3
output image which is then given to ReL U layer.

» Max-pooling layers:

The maximum pooling layer is applied and it is similar to sliding window that is moved over tm
image and replaces all elements with only the maximum element among them. In this,the output
from ReLU layer is taken and is reduced to by taking maximum intensity in different region which
is contributing to greater extent so they will be retained [14]. These operation will be repeated
depending upon type of convolutional network.

Single depth slice

% 111124
max pool with 2x2 filters
5|16|71|8 and stride 2 6| 8
312|110 3|4
112|134
y

“Fig. 3.6: Effect of maxpooling layer operation”
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The pooling activity reduces the dimension to reduce computational cost,CNN requires least or no
preprocessing. The two methods in image segmentation used are:

Patch wise classification-

The input images is divided into several patches and these patches are fed forward to identify
different class which belong to patch.

Fully convolutional network-

The fully connected layers are replaced with convolutional layer in CNN architecture. This allows
to do pixel to pixel mapping between input and output. The Convolutional Neural Network was first
introduced by Long et al [15].

4. METHODOLOGY

4.1 DATA

Data is a part of segmentation challenge which is conducted every year as a part of medical imaging
conference called MICCAI-BRATS workshop 2015.This is publicly available dataset,it is
multicentric because MR imaging is grayscale values or contrast that you see in values and some of
artifacts and shading that you get in the images,vary from scanner to scanner and from hospital
tohospital.So it is important to get data from different scanners or different centres,like different
hospitals,so that your network generalize well to some new data from different hospitals.We use
Brats data which contains MRI scan of tumour,generally gliomas,which is a primary brain malignant
stage tumour.There are total of 245 MRI images which are further divided into 110 image for
training the network and 145 images for testing the data. The BRATS dataset is -

e Multicentric,publicly available.

e Composed of data from both low(n=75)

¢ And high grade glioma(n=170).

e Each patient volume comprises of
» fluid attenuated inversion recovery(flair).
» T1 weighted sequences.
» T2 weighted sequences.
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> T1 post contrast sequences.
> Pixel level segmentation mask.

e Each MRI Sequence is skull stripped,registered and respond to have isotropic resolution(1

mm?d).
e Dimension of dataset is 240*240*155(Sagittal,Coronal,Axial) as shown in Fig 4.1.
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Axial Sagittal Coronal
(transverse)

“Fig. 4.1 MRI images captured in different planes”

4.2 Steps in Brain Tumour Segmentation

Deep Learning is one of the machine learning algorithm, it gains from the information picture utilizing either directed
or unsupervised learning approach. In this,we have administered learning approach utilizing Convolutional Neural
Network utilized for precise mind area division. So,typically not one image is acquired but volumes are acquired.lt is
the image volumes basically 3D-arrays,each image is 3D-array (240*240*155). This is the in-plane size and is in
form of slices. Multiple image are acquired and each image volume corresponds to what is known as sequence.Each
sequence corresponds to a separate kind of grayscale contrast in the image. So multiple different types of contrast are
possible using MR images so for typical glioma imaging session,you will typically acquire about for such sequences.
Every MR image is actually a volume and you will acquire about 4 such 3-D arrays per patient for diagnosing
gliomas. The constituent of glioma are edema(collection of fluid), nerosis(dead cells),enhancing tumour(breakdown
of blood brain barrier),non-enhancing tumour [16]. So this is why we need 4 such 3D-arrays because certain
components of tumour are seen much more clearly in certain sequence.MRI images are taken from publicly available
dataset MICCAL, a fully automated system for brain region segmentation by using deep learning techniques.There
are three stages:
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e Pre-processing
e Segmentation via Convolutional Neural Network

e Perfomance Measure

Pre-Processing

Brain Region Segmentation
{(Convolutional Neural Network)

“Fig. 4.2. Steps involved in tumour detection starting from
denoising of MRI image in preprocessing and then this image is input to our network
for segmentation and performance via confusion matrix is calculated.”

4.2.1 Pre-processing

The MR image are preprocessed to improve the quality of image for segmentation. In this,we use
Non Local Mean Filter is utilized for picture denoising which computes weighted normal of pixels
and discovering likeness with the objective pixel [17]. The tool used is FSL and BET brain
extraction uses the input image and gives the denoised image.If you consider intensity of 100 or
some anatomy in brain,which has intensity of 100,you want to match across all dataset so use
histogram matching [18] It consist of three step-

Step 1: The weighted mean non-local pixel is used to remove data redundancy for the patces of

noise image and noise free pixel is generated.The intensity ,NL[u(xi)]of the noisy pixel u(xj) in the
search window Vi is given by

NL(u(x)) = Z W(xi,xj)u(xj) (4.1)

x]'EVi

17




Where, M is the radius of the pursuit window Vi, (w (xi, Xj), is the weight apportion to the loud
worth u(xj) to set up the power u(xi) at voxel xi.

Step 2: The weight finds the similarity between intensity of close patches Niand N;j concentrate on
vowel x; and x; is estimated by the weight such that w(x, xj)€[1,0]).

Step 3: The weight based on Euclidean distance between neighborhood patches is given by,

1 v = u()];
W(Xi,Xj)zzeXp — : % 2 (4.2)
Where,
z W(xi,xj) =1

x]'E‘UI

is an effective method to reduce the noise and it takes less time. Using Non Local Mean (NLM)
filter(as shown in fig 2),there is no loss of information from the input image.When different
sequences the MRI are combined then it is necessary that they are all having same alignment which
Is done in this preprocessing of image.

Input Scanned Tmape

Grray Conversiomn

.

Filtering

I

Binarizariomn

“Fig. 4.3 Preprocessing of image is done through three step (A) remove noise by non-local
mean filter algorithm (B) converting coloured pixel to grayscale and
(C) applying filtering and binarisation for intensities as input.”

The denoised image is then converted to grayscale and filters are applied for
18




brightness,curvature,intensities etc and finally each intensities value in matrix is binarized to produced
a processed image for input to our CNN [19]. The modification to image is done edge detection for
identifying horizontal and vertical edges. For ex-if image size is n*n in grayscale,we apply f*f filters
also called kernel and perform convolutional operation i.e element wise multiplication and obtain (n-
f+1)*(n-f+1) edge detector image. Padding is done to reduce shrinkage of image and minimize the
information loss [20]. The pixels in the corners of image are used less while the pixels in middle are
used more which can result in the loss of information. Padding is done as shown in Fig. 4.4.
The MRI data is a sequence of 3D volume of multiple sequences and we combine them into single 3D
volume. Once we combine image for single slice and then we define boundaries of tumour using
voxels also called pixels in 3D. This is done by breaking whole volume of images into subvolume and
it is fed to segmentation model and result is aggregated. The training set is labeled and MRI data after
preprocessing is given to CNN. The 3D volume of image is converted to 1D using 3D filters and each
unit in 1D array is neuron which is given to fully connected network and output is obtained. After
comparing the ouput and target output, the loss function is calculated and using backpropagation
algorithm weights are optimized to get the desired output.

Input Kemel Cutput
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0134510 * =

e g 213 21|37 |43|18
067|810

: 6171810
,oio0s0s0f0;

“Fig. 4.4 Padding is applied to reduce the information loss from corners of image”
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4.2.2 Segmentation via Convolutional Neural Network

How Neural Network works?

Input Layer Hidden Layer Cutput Layer

weight

hr_'ighl_

“Fig. 4.5 It shows a simple neural network having input neurons and hidden
layers which are initially given weights and inputs to calculate desired
output using optimsation algorithms.”

As shown in fig 4.5, we are using supervised learning every input is associated with a label which is
predicted by input layer. The input is given to the input layer and initially weights are assigned and
output is calculated. Now the difference between output and target output is calculated and weights
are optimized which are again fed back to network to calculate our desired output [21].This is the
iterative process and features are extracted accordingly.

The traditional machine learning approach used two step-

e Feature Extraction-In this,the engineers manually extracted features called handcrafted images
and represented them as vector.

e Classifier- Using this classification was done by SVM or k-means algorithm.

Convolutional Neural Network(CNN) is one of the neural network which is used in image
processing ,classification,segmentation etc.It is end to end learning process and completely
automatic as there is no human interference [22]. As already discussed,we give four 3-D images per
patient for diagnosis.We use size of 240 by 240 by 155 by 4 where first three dimension are
height,width and depth for input image and we use denoised image as an input for CNN.We have
7*7 convolutional layer followed by polling layer 4*4 again followed by 3*3 convolutional layer
and 2*2 polling layer and finally we have softmax function and fully connected layer to get the
desired result.The neural network used is shown in fig 4.
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When we train the model,weight are updated to optimise the network.The feautures are used to
predict the labels for unseen images. CNN extracts features directly from image unlike
backpropagation neural network [23]. The input data given to the information layer predicts the
label,CNN computes speck result of weight,input and include predisposition.The pooling layer is
added to make down sampling i.e decrease the connections.There are three stages of CNN to learn
the features —

Design the network and apply softmax.
Train the network with input images.
Extract the desired features.

Grade 1

Grade 2

E - Grade 3

Grade 4

Stage 1 Stage 2 Stage 3

= > I » '| > -

Edges Object parts Objects Graded4 _ -

“Fig. 4.6 Network architecture of CNN having different layers (A) convolutional layer to reduce
size of image (B) pooling layer to retain maximum intensity in images (C) fully connected
layer to give 1D input to each neuron and apply softmax function to classify output.”
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Different Stages in Feature Extraction-

Convolutional Layer-In this input image is given and we apply filters to reduce the size of
image.Data are grouped according to feature i.e data having same feature are placed in one
group.For ex-if we are giving 6*6 input image apply filters then we get 3*3 output image which is
then given to ReL U layer.We have designed two phase training procedure that allows us to handle
improper tumour labels.The input images given to network make the network optimise the weight
so that weight can be adjusted and it can learn features for identifying the tumour for a unseen
image.The features can be extracted in terms of brightness,texture,curvature and shape which is
then classified using training set and classifier like SVM or random forest and performance
parameters are calculated [24]. The convolutional layer is the inside structure square of a CNN.
The layer's limits involve a ton of learnable channels (or bits), which have a little open field, yet
loosen up through the full significance of the data volume. During the forward pass, each channel
is convolved over the width and stature of the data volume, enlisting the spot thing between the
sections of the channel and the information and conveying a 2-dimensional order guide of that
channel. Consequently, the framework learns channels that authorize when it recognizes some
specific kind of feature at some spatial circumstance in the input.Stacking the establishment maps
for all channels along the significance estimation outlines the full yield volume of the convolution
layer [25]. Each segment in the yield volume can thusly be deciphered as a yield of a neuron that
looks at a little region in the data and offers limits with neurons in a comparative establishment
map.

. ReL.U Layer-In this we consider all positive value which are contributing towards the feature and

all negative value is converted to zero.So,we are taking only those intensities which will help in
extracting the features and neglecting value which will not support much in feature extraction.

Pooling Layer-In this,the output from ReLU layer is taken and is reduced to by taking maximum
intensity in different region which is contributing to greater extent so they will be retained
[26].These three operation will be repeated depending upon type of convolutional network.
Instinctively, the specific area of an element is less significant than its unpleasant area
comparative with different highlights. This is the thought behind the utilization of pooling in
convolutional neural systems. The pooling layer serves to logically lessen the spatial size of the
portrayal, to decrease the quantity of boundaries, memory impression and measure of calculation
in the system, and thus to likewise control overfitting

Flattening Layer-This is simple added to reduce all 2-D and 3-D image to 1-D so that all will be
used as an input to network.

Fully Connected Layer-In this,the output from flattening layer is taken and each output is fed to
one neuron and all are connected further to get desired output.A softmax classifier is used to
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separate the classes —normal(no tumour) and abnormal(contain tumour).
MRI IMAGE

PRE-PROCESSING AND
ENHANCEMENT

IMAGE SEGMENTATION

FEATURE EXTRACTION

CLASSIFICATION

“Fig. 4.7 The steps involved in feature extraction are input generation,training the network
and extracting the learned features like brightness,curvature etc and classifying them
as output data i.e which are tumour and non-tumour.”

Data Normalisation is done by applying scaling,shifting and modifying the data and every pixel
value is converted to ratio between 0 and 1 [27].The output y is calculated as,
y=w*x+bias (4.3)
where x=input pixel and w=optimized weight
The cross entropy function is used to calculate the error i.e difference between true output and

obtained output and weight is updated accordingly and propagated backward to optimize the
network and get better result [28].
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4.2.3 Performance Measure

It is important to analyse our result both quantitatively and qualitatively to visualize and give
numerical value to obtained outcome.The PSNR value is calculated to find the loss in the image
pixel and it is found by,

PSNR=10log10(fmax’/ MSE) (4.4)

Where fmax IS maximum possible pixel value of image and MSE is mean square error between
constructed and original image.

The “confusion matrix” is created and and used to calculate all the parameters to show the result
obtained.The segmentation result have error rate defined by false and true positive,false and true
negative [29].The performance is then calculated in terms of this error rate which is given by,

Recall TP TP
Sensitivity e

True positive rate (TPR) FN+ TP P

False positive rate (FPR) FpP FP
False alarm rate TN + FP N

Specificity N —
True negative rate (TNR) TN + FP

TP
TP+ FP

Precision

FN FN
False negative rate (FNR) =—

FN+TP P

TP+TN _ TP + TN
P+N  TP+TN+FP+FN

Accuracy

“Table 4.1 Confusion matrix is calculated which gives relation between predicted and actual
value,if predicted positive and actual positive both matches then we say true positive(TP)
otherwise false positive(FP),calculate performance of classifier for
test data whose true value are known.”
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4.3 Implementation Environment

A few Approaches for fragmenting cerebrum tumor in MRI images have been tested in this
examination before receiving a specific methodology and going further in improving its
presentation. One of these arrangements is assembled utilizing MATLAB which gives quick

prototyping abilities. The hardware requirements are-

» Operating system
* Coding Language
* Tool

Windows XP/7.
MATLAB
MATLAB R 2018

» System Intel CORE i3.

» Hard Disk 250 GB.

* Monitor 15 VGA Colour.
*  Mouse Logitech.

« Ram 512 Mb.

4.4 Implementing Codes in Matlab

The main architecture-
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5. RESULTS AND DISCUSSION

The analysis of tumour by use of MRI is tough task, and the doctors depend on biopsy test for detection of every kind
of cancer. Biopsy are time consuming and risk involved in specially in case of brain tumour and also they are
susceptible to human error, therefore, deep learning techniques can be used to get desired and quick result. It saves both
time and cost thus proving to be economical. We have decided to use MICCAI dataset for both training and testing.
As metioned earlier, there are only 110 images in training phase and 145 images for testing. Noisy MRI
image are firstly denoised using Non Local Mean Filter method and then denoised image are fed to
CNN to train it iteratively with input pattern along with target labels. Trained CNN is then given
unseen images and Performance Measure is important step in developing a segmentation algorithm.

Input Images Denoised Image Sensitivity (%) Specificity(%) Accuracy(%)
PSNR(db)

Image 1 43.4950 0.8473 0.9884 0.9436

Image 2 43.3960 0.9545 0.9677 0.9436

Image 3 43.5087 0.8348 0.9968 0.9468

Image 4 43.4229 0.9586 0.9723 0.9678

Image 5 43.5086 0.9549 0.8545 0.8864

“Table 5.1 The table shows us performance measure of different input images which are
multicentric and we calculate the psnr(signal to noise ratio),specificity,sensitivity and

accuracy to check how our network is performing on different sets of data.”

The proposed method uses BRATS database for evaluating the brain tumour segmentation methods as
mentioned in section 4.1 already. All brains in dataset have similar orientation. It would be ideal if
you note we were unable to utilize BRATS 2014 dataset because of issue with both the framework
playing out the assessment and nature of marked information.
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“Fig. 5.1.The original MRI image of patient is preprocessed and denoised image is
used as an input for convolutional neural network and segmentation is done

to detect the tumour region.”

Different optimizer like Gradient Descent Optimisation which uses ADAM model and learning rate
alpha and depends on time can be used to optimize the network more efficiently and fast. In Fig.
5.3,image 1 we can see we are getting accuracy 94.36% which is very good and it can be improved
further by training our network to more and more data i.e image. We can see the input image is
firstly denoised and denoised image is taken as input for the convolutional neural network which
then produces the tumour detected image.Technique such as Markov Networks ,SVM can also be
implemented in CNN to improve the classification task of our network get more accuracy. The data
can be augmentated by applying rotation,shifting,brightness and zoom to improve the performance.

We assembled a profound CNN model that fragment MRI pictures utilizing pixel savvy order
approach, numerous examinations were held during the tuning procedure of the model and their
outcomes were utilized to improve the model execution. 0.94 and 0.92 accuracy for the images, we
accept that these outcomes can be improved further with the utilization of post preparing strategies.
The given segment model has time issue to segment MRI imasges it takes around four minutes to
portion a 240%x240 picture. It additionally performs inadequately in dividing pixels at the edge of
the brain.

29




4 <

HOME
File Edit View Insert Tools Desktop Window Help

3 = 0d O rwres 2 L8 S5, New Variable [* L gL gp frshan Cote NDEHLS R RRODVRLAL- A 0B el
{1} Open Variable v [y RunandTime
;':';‘ m;‘;“ Now, Open, (L Covears, | impodt wusgm B o e (74 Ceas Commands: -+ original Image Noisy Image
FLE VARASLE cooe
s> HA » C: » Users » lenovo » Desktop » brain cnn » base work »
Current Folder Command Window
Name

#  manua psnr_val
@ [11].pdf 43.4950
% calc_psnr.m

H net_new2.mat

| new_brain_run_1.m mse =
] NLM_SVB.m
7<) per_metricm 1.3004e-04
Figure 2 - ] X
AC
File Edit View Insert Tools Desktop Window Help ¥
0.9436 DEdS B RKRKOUDL L

Detected Image

new_brain_run_1.m (Script)

Workspace

S

J0)P]  MOpUIp puewiwio) O ||

Name 0.8473
I AC
182
lsal 2 SPE
Liiden
i dox 0.9884
- Estsigma
==l 22 dou. fx >>
| 521] "10jpg Fx
K 22 u.
Himse 1.3004¢-04
“Fi It for i btained af lying deep | i Igorith
Fig. 5.2 Result for image 1 obtained after applying deep learning algorithm
. 0 . eps o 0.
and showing accuracy of 94.36% with specificity 98.84%.
4 |
HOME RLOTS xS File Edit View Insert Tools Desktop Window Help "I
W (B 92 O e & [ Bt I i [0S d8/RRK09R«-A/0B /=D
N N New Open .JCompare Impoit S 2 OpenVaristie ~ Favorites 7 RumendTime sif
lew e ave -avoril igil
s;:: T e s i S ce | ClearW - v L Cear i original Image Noisy Image
- N e |
<A » C: » Users » lenovo » Desktop » brain cnn » base work »
Current Folder Command Window
Name
#  manual psnr_val
i [11]pdf 43.3960
) calc_psnr.m
1 net_new2.mat
‘j new_brain_run_1.m mse =
%) NLM_SVB.m
%] per_metricm 1.3610e-04 S—
File Edit View Insert Tools Desktop Window Help
Ac DEHS | BRNKNOODE £ -
0.9635
new_brain_run_1.m (Script) ne
Workspace .
Name Value 0.9545
L AC 0.9635
{1182
lsgl c2 SPE
[t den
£ dx ). 9677
|1 EstSigma
jusl] Sx >
| 351] 7
K 22: u
imse 1.3610e-04

“Fig. 5.3 Result for image 2 obtained after applying deep learning algorithm

and showing accuracy of 96.35% with specificity 96.77%.”

30




4

HOME

Lo (=2 OF LT (Orindfies )

L, New Variable

{1 Open Variable

Ll

S a6 C—

B -

p> ; Analyze Code [ (@ Preferences ¢ Community
Ly L WORRE=R @ O
(i Runand Time [ SetPath + Request Support
Favorites Simuiink  Layout Add.Ons  Help
v |4 ClearCommands ~  |lli Paraset ~ ~ ~ [zl LeamMATLAB
cooe SMULINK ENVIRONMENT RESOURCES
-
File Edit View Insert Tools Desktop Window Help >
DNEdS R NLOBDLEL- S 08 =D

original Image Noisy Image

Detected Region

‘

10yp3  Mopuip puewwo) O B

)

“Fig. 5.4 Result for image 3 obtained after applying deep learning algorithm

and showing accuracy of 94.68% with specificity 99.68%.”
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and showing accuracy of 88.64% with specificity 85.45%.”

The traditional method of MRI evaluation of tumour depends greatly on qualitative features,like
density of tumour,growth pattern and acellular composition etc.The methods in use are slow and
costly,so there is need for method which is fast and cost effective for early detection of tumour so
that many lives can be saved. The previous model showed low division correctnesses, it
misclassified a large number of heathy pixels. Searching the preparation patches and the division
after effects of the analysis we saw enormous difference in the powers of heathy fixes so we chose
to build the level of zero marked (solid) patches in the preparation set.

The deep learning method is very much different from the machine learning method. The machine
learning method uses algorithms to input data, learn from given data, and make decision based on
the experience or learning whereas the deep learning can learn and make decisions on its own.
Deep learning has a capability of learning from data that is unstructured or unlabeled. In deep
learning, the algorithms try to learn using method of feature extraction which is very different and
makes the model fully automatic, here we don’t require any handcrafted feature. In traditional
method we need to develop feature extractor for different problem, so we use deep learning which
reduces effort of developing different feature extractor for different problem.

The present method achieved accuracy of 90-94%. The use of CNNs are spurred by the way that
they can catch significant highlights from a image. The regular neural systems can't do this on their
own they require handcrafted features. Another principle highlight of CNNs is weight sharing. Lets
take a guide to clarify this. Let's assume you have a one layered CNN with 10 channels of size 5x5.
Presently you can just figure boundaries of such a CNN, it would be 5*5*10 loads and 10
inclinations i.e 5* 5*10 + 10 = 260 boundaries. Presently lets take a basic one layered NN with 250
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neurons, here the quantity of weight boundaries relying upon the size of pictures is '250 x K" where
size of the picture is P X M and K = (P *M). Moreover, you need '‘M' inclinations. For the MNIST
information as contribution to such a NN we will have (250*784+1 = 19601) boundaries.
Unmistakably, CNN is progressively effective as far as memory and multifaceted nature. Envision
NNs and CNNs with billions of neurons, at that point CNNs would be less unpredictable and spares
memory contrasted with the NN.

Regarding execution, CNNs outflank NNs on customary picture acknowledgment assignments and
numerous different errands. Take a gander at the Inception model, Resnet50 and numerous others.
For a totally new issue CNNs are excellent element extractors. This implies you can separate
helpful properties from a previously prepared CNN with its prepared loads by taking care of your
information on each level and tune the CNN a piece for the particular assignment. Eg : Add a
classifier after the last layer with names explicit to the errand. This is additionally called pre-
preparing and CNNs are proficient in such assignments contrasted with NNs. Another favorable
position of this pre-preparing is we abstain from preparing of CNN and spare memory, time. The
main thing you need to prepare is the classifier toward the end for your marks.

6. CONCLUSION

The main objective was to build a solution that can segment brain tissues on various MRI images
with good accuracy. So, we made study of MRI images, their various properties and how different
tissues behave when exposed to radiowaves to have good understanding of problem. We made
thorough study of previous method to come up with a better solution. In one of previous method of
2-D patch extraction could achieve accuracy of 88% where the network architecture is inspired by
VGG Network, high grade and low grade network differs in number of convolutional layer
preceding a max-pooling layer. In other,they have used encoder-decoder type neural network and
achieved accuracy of 87.2%. In a single forward pass, previously discussed patch based technique
are slow as network predicts only centre pixel of patch. In previous method, we need to develop
feature extractor for different problem, so we use deep learning which reduces effort of developing
different feature extractor for different problem. In the present study, we have used supervised
learning to learn the features from the input images and found that Convolutional Neural Network
can achieve good accuracy.In CNN, the network in starting phase learns low level feature like lines
or edges and then slowly learns the high level featuresAfter going through various methods and
algorithm, CNNs was used in the approach .

In the work, Convolutional Neural Network(CNN) is used for detection of portion which contains
tumour. The publicly available dataset from MICCAI was used in the work. The MRI images are
preprocessed using histogram matching and Non-Local Mean Filter and Tumour is detected by using
CNN. The advantage of deep learning method is no handcrafted features or human interaction is
used,the network learns from itself. The network gives us the high accuracy of 90%-96%.
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/. FUTURE PERSPECTIVE

» Improve the accuracy by training with more number of muticentric images.Use of more hidden
layers in our network to optimize the network more efficiently.

« ldentifying different tumour sub regions in i.e edema,necrotic and enhancing tumour regions.

» Deeper CNN designs are commonly all the more encouraging in expanding the exactness of
segment result.

+ Better standardization method. MRI images are heterogeneous, in reality a similar tissue may
display various forces relying upon the MRI machine that caught the output and the patient well
being state, this reality extraordinarily influences the capacity of our calculation to identify
tumor, subsequently normalizing the preparation set to make a similar tissue seem to be
comparative across various outputs will enormously upgrade the precision of our calculation
[30].

» Brain Low Grade Gliomas division is an open zone of exploration and present a difficult
assignment in clinical imaging investigation so summing up the proposed answer for sections
cerebrum HGG and LGG tumors would present an incredible improvement [31].

» Generalize the arrangement further to do important clinical assignments, for example, foreseeing
the general endurance of patients and anticipating whether the tumor is contracting, growing or
stay stable [32].
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APPENDIX |

MATLAB is a tip zenith tongue for exact creation prepared .It composes figuring conviction and
moreover programming in a simple to utilize condition. Tangle lab remains for matrix watch center.
It changed into molded toward the begin to give direct get right of section to get ready programming
made by method of LINPACK and EISPACK wanders. MATLAB is as wants be founded on
establishment of cutting part network programming wherein crucial section is mastermind which
require no longer use pre dimensioning Normal employments of MATLAB

1. Math and estimation

2. Calculation change

3. Information getting

4. Information assessment and affirmation

5. Logical and building structures

6. The rule highlights of MATLAB

9.1. The MATLAB System:

The MATLAB substance consolidates five essential parts:

9.1.1 Development Environment

This is the method of contraptions and working environments that help you work MATLAB cutoff
focuses and real factors. An essential extent of those gadgets is graphical Uls. It sets the
MATLAB masterful manifestations area and Command Window, a worth history, a touch of
creating administrator and debugger, and goes after for graph help, the workspace, records, and
the side interest way.

9.1.2 The MATLAB Mathematical Function Library:

This is a huge gathering of computational tallies running from clear cutoff points, similar to

whole, sine, cosine, and complex number shuffling, to progressively introduce day limits like part
turn, segment Eigen respects, Bessel cutoff centers, And viable Fourier changes.
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9.1.3 The MATLAB Language

This is a stunning realm framework/bunch lingo in the midst of direct course enlightenments,
limits, records structures, enter/yield, and examine formed programming highlights. It licenses
both "programming inside the little” to swiftly make lively and discolored insignificant games,
and "programming inside the liberal” to make sizeable and confounded utility activities.

9.1.4 Graphics

MATLAB has wide outlines circumstances for indicating vectors and factors as graphs, and beside
explaining and printing these diagrams. It wires standard country limits in the midst of respects to
two-dimensional and three-dimensional data outline, video coordinating, improvement, and
creation delineations. It in like manner joins low-degree forces that enable you to especially well
change the region of frameworks and paying little psyche to make end graphical Uls to your
MATLAB packs.

9.1.5 The MATLAB Application Program Interface (API)

This is a lib. That empowers you to outline C and Fortran prog's that interface in the midst of
MATLAB. It hardens workplaces for calling structures from MATLAB (dynamic accomplice),
calling MATLAB as a computational engine, and for separating and making MAT-reports.

APPENDIX 11

INTRODUCTION TO DIGITAL IMAGE PROCESSING
10.1 What is DIP?

A photograph can be portrayed as a - dimensional trademark f(x, y), in which x and y are spatial
directions, and the abundancy of f at any pair of directions (x, y) is known as the profundity or dim
phase of the photo by then. At the point when X, y and the sufficiency estimations of f are for the
most part limited discrete bits, we name the picture a virtual picture. The control of DIP alludes to
preparing computerized photograph through a virtual PC. Computerized photo comprises of a
limited scope of variables, everything about has a chosen area and charge. The components are
known as pixels.

Vision is the most progressive of our sensor, so it isn't sudden that photoplay the single greatest
basic capacity in human conviction. Be that as it may, an appraisal to individuals, who're bound to
the obvious band of the EM range imaging machines cowl about the entire EM range, starting
from gamma to radio waves. They can trademark furthermore on pix created by method of assets
that people aren't acquainted with partner with the image.

There isn't any mammoth understanding among creators with respect to wherein picture handling

40




stops and diverse related territories which incorporate photograph evaluation& pc innovative and
perceptive beginning. Now and then a distinction is made with the asset of characterizing picture
preparing as a subject where each the info and yield at a procedure are photographs. This is
constraining and generally fake limit. The region of photo assessment (picture know-how) is in the
middle of photograph handling and PC inventive and perceptive.

There aren't any straightforward hindrances inside the continuum from picture handling toward
one side to finish creative and farsighted at the other option. Be that as it may, one helpful
worldview is to experience in considerations three sorts of programmed systems on this
continuum: low-, mid-, and over the top degree draws near. The low-degree approach includes
crude activities which fuse picture preparing to diminish clamor, assessment upgrade and picture
honing. A low-recognition method is described by the asset of the truth that the two its sources of
info and yields are photos. Mid-degree strategy on depictions incorporates obligations along with
division, portrayal of that item to reduce them to a shape appropriate for pc preparing and sort of
character devices. A mid-recognition technique is described through the way that its data sources
ordinarily are photos anyway its yields are properties separated from the one's photographs. At
long last higher-stage preparing incorporates "Making appreciate” of an outfit of perceived
gadgets, as in picture assessment and at the along way stop of the continuum acting the intellectual
skills commonly identified with human inventive and farsighted.

Computerized picture preparing, as effectively depicted is utilized productively in a huge scope of
zones of awesome social and money related rate.

10.2 What is a photograph?

A picture is spoken to as a two dimensional trademark f(x, y) where x and y are spatial co-
ordinates and the adequacy of 'f* at any pair of directions (X, y) is known as the profundity of the
image by then.

An image can be nonstop concerning the x and y arranges and furthermore in abundancy.
Changing over such a photograph to advanced shape requires that the directions notwithstanding
the adequacy to be digitized. Digitizing the arrange's qualities is alluded to as testing. Digitizing
the sufficiency esteems is known as quantization.

10.3 Coordinate shows:

The final product of inspecting and quantization is a lattice of real numbers. We utilize essential
systems to represent virtual previews. Expect that a photo f(x, y) is examined all together that the
subsequent picture has M lines and N segments. We state that the picture is of period M X N. The
estimations of the directions (xylem) are discrete parts. For notational lucidness and
accommodation, we use whole number qualities for those discrete directions. In many picture
preparing books, the picture starting is characterized to be at (xylem)=(0,0).

The resulting coordinate qualities along the main line of the photo are (xylem)=(zero,1).It is basic
to remember that the documentation (0,1) is utilized to recommend the second example along the
essential column. It doesn't propose that these are the genuine estimations of physical arranges
simultaneously as the photo become inspected. Following figure shows the arrange show. Note
that x stages from zero to M-1 stop y from 0 to N-1 in number augmentations.
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The facilitate show utilized inside the tool compartment to imply exhibits isn't much the same as
the past section in minor strategies. In the first place, in area of the utilization of (xylem) the tool
stash utilizes the documentation (race) to show lines and segments. Note, in any case, that the
request for arranges is a lot of like the request talked about inside the former section, as in the
primary detail of an organize topples, (alb), alludes to a line and the second to a segment.

The particular distinction is that the start of the arrange device is at (r, ¢) = (1, 1); therefore, r
degrees from 1 to M and ¢ from 1 to N in number additions. IPT documentation alludes to the
directions. Less frequently the tool compartment moreover utilizes some other facilitate show
known as spatial directions which utilizes x to allude to sections and y to alludes to lines. This is
the chance of our utilization of factors x and y.

10.4 Image as Matrices:

The past exchange prompts the ensuing delineation for a digitized photo highlight:
£(0,0)£(0,1) ... ..f(0,N-1)

£(1,0)f(1,1)... f(1,N-1)

f(xylem)=...... f (M-1,0) f (M-1, 1) ... f (M-1, N-1) The correct side of this condition is an
advanced photo with the guide of definition. Every component of this cluster is known as a picture
detail, photograph component, pixel or pel. The terms photograph and pixel are utilized all
through the remainder of our conversations to show a computerized photograph and its
components. A virtual photograph can be spoken to obviously as a MATLAB grid:

f(1,D)f(1,2)....fA,NfQR 1DfR2,2).....fQN)...f=...fM, 1) fM,2)... £(M,N)
Where f (1, 1) = f (zero, 0) (be cognizant the utilization of a monoscope textual style to
demonstrate MATLAB parcels). Obviously the 2 portrayals are indistinguishable, aside from the
move in starting region. The documentation f (p, q) indicates the detail situated in line p and the
section . For instance f (6, 2) is the component in the 6th line and second section of the grid f.
Commonly we utilize the letters M and N individually to recommend the scope of lines and
segments in a framework. A 1xN framework is known as a line vector simultaneously as a Mx1
grid is known as a segment vector. A 1x1 network is a scalar.

Networks in MATLAB are put away in factors with names which incorporate An, a RGB, genuine
cluster, etc. Factors should begin with a letter and incorporate best letters, numerals, and
underscores. As expressed inside the previous section, all MATLAB amounts are composed
utilizing monoscope characters. We utilize customary Roman, italic documentation, for example,
(X, y), for scientific articulations.

6.5. Understanding Images:

Pictures are analyze into the MATLAB environmental factors the utilization of trademark imread
whose language structure is

Imread (‘filename’)

Configuration name Description perceived augmentation TIFF Tagged Image File Format .tif,
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.altercation JPEG Joint Photograph Experts Group .jpg, .jpeg GIF Graphics Interchange Format
.gif BMP Windows Bitmap .bmp PNG Portable Network Graphics .png XWD X Window Dump
xwd

Here filename is a spring containing the entire of the photo file(including any applicable
extension).For model the order line

>> f = imread (‘eight. Jpg");

Peruses the JPEG (above table) photo chest beam into photograph exhibit f.

Note the utilization of unmarried charges (') to delimit the string filename.

The semicolon on the stop of an order line is used by MATLAB for smothering yield. On the off
chance that a semicolon isn't constantly included. MATLAB introductions the outcomes of the
operation(s) spread out in that line. The brief picture (>>) assigns the beginning of an order line,
as it shows up in the MATLAB order window.

When as inside the past order line no course is covered in filename, imread peruses the record
from the cutting edge posting and if that bombs it endeavors to find the report in the MATLAB
search way. The best method to contemplate an image from a specific catalog is to incorporate a
total or relative way to that posting in filename.

For instance,

>> f = imread ('D: myimageschestxray.Jpg’);

peruses the picture from an organizer known as my photos at the D: power, while

>> f = imread(' . Myimageschestxray .Jpg’);

Peruses the image from the my photographs subdirectory of the current day of the bleeding edge
running posting.

The cutting edge posting window at the MATLAB PC toolbar shows MATLAB's contemporary
running registry and gives a simple, manual way to transform it. Above table records some of the

limit of the popular picture/photos designs upheld by means of imread and imwrite. Capacity size
offers the line and section measurements of a picture:

>> Length (f) ans = 1024 * 1024

This element is primarily helpful in programming while utilized in the accompanying structure to
decide naturally the components of an image:

>>[M,N]=size(f); This linguistic structure restores the amount of rows(M) and columns(N) inside
the photo.

The total element introductions additional records around a cluster.

For example, the announcement >> whos f gives Name size Bytes Class F 1024*1024 1048576
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unit8 cluster Grand all out is 1048576 components utilizing 1048576 bytes The unit8 section
demonstrated alludes to one of a few MATLAB information classes. A semicolon toward the
finish of a whose line has no impact ,so ordinarily one isn't utilized. 6.6 Displaying Images:
Images are shown on the MATLAB work area utilizing capacity imshow, which has the
fundamental grammar: Imshow (f,g) Where f is a picture exhibit, and g is the quantity of power
levels used to show it. On the off chance that g is overlooked ,it defaults to 256 levels .utilizing the
linguistic structure Imshow (f, {low high})

Shows as dark all qualities not exactly or equivalent to low and as white all qualities more
noteworthy than or equivalent to high. The qualities in the middle of are shown as halfway power
esteems utilizing the default number of levels .Finally the language structure Imshow(f,[ ]) Sets
variable low to the base expense of cluster f and over the top to its most extreme charge. This state
of imshow is helpful for indicating previews which have a low unique range or that have awe
inspiring and horrendous qualities.

Capacity pixval is utilized consistently to show the profundity estimations of individual pixels
intelligently. This capacity proposes a cursor overlaid on a picture. As the cursor is moved over
the photo with the mouse the directions of the cursor job and the comparing force esteems are
approved on a show that looks under the observe window .When working with shading pix, the
directions notwithstanding the red, green and blue parts are shown. In the event that the left catch
on the mouse is clicked after which held squeezed, pixval shows the Euclidean separation some of
the fundamental and contemporary cursor areas.

The linguistic structure type of leisure activity here is Pixval which shows the cursor at the last
photo showed. Tapping the X button at the cursor window turns it off.

The accompanying proclamations take a gander at from circle a photo called rose 512.Tif
extricate simple measurements roughly the image and show it the use of imshow

>>f=imread('rose_512.tif"); >>whos f

Name Size Bytes Class F 512*512 262144 unit8 cluster Grand all out is 262144 components
utilizing 262144 bytes >>imshow(f) A semicolon on the quit of an imshow line has no effect, so
usually one isn't utilized. In the event that some other photograph,g, is shown utilizing imshow,
MATLAB replaces the photograph inside the screen with the new photograph. To save the
essential photo and yield a second picture, we use include figure as follows:

>>discern ,imshow(g)
Utilizing the announcement >>imshow(f),parent ,imshow(g) introductions each photos.

Note that two or three order might be composed on a line,so long as one of a kind directions are
pleasantly delimited by commas or semicolons. As refered to progress of time, a semicolon is
utilized each time it's far liked to smother screen yields from an order line.

Assume that we have recently perused a photograph h and find that the utilization of imshow
produces the photograph. It is evident that this photo has a low unique assortment, which can be
cured for show purposes by means of the utilization of the revelation. >>imshow(h,[ ]).
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