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Fully Automatic Brain Segmentation Using CNN for MRI Images

1K.K.GOUSE,2C.AHALYA,3G.NAGARAJU

.ABSTRACT:- Gliomas are the most frequent and aggressive of all brain tumors, with a life
expectancy of less than a year in their most severe form. Oncology patients' quality of life can be
improved significantly with treatment planning. However, the huge volume of data generated by
MRI hinders manual segmentation in a reasonable period, restricting the application of exact
guantitative measurements during clinical practice. Magnetic resonance imaging (MRI)
Consequently, methods for segmentation that are both automatic and dependable must be
developed; yet, due to the wide range of spatial and anatomical heterogeneity among brain tumors,
this is an especially difficult challenge to solve automatically. Automatic segmentation is proposed in
this research using Convolutional Neural Networks (CNN) and 3*3 kernel exploration. To create a
deeper architecture, small kernels can be used, which reduces the amount of weights in the
network, reducing the likelihood that the network will be overfit. As a pre-processing step, we tried
using intensity normalization, which is not typical in CNN-based segmentation algorithms, but found
to be quite effective in MRI brain tumor segmentation. When compared to the Brain Tumor
Segmentation Challenge 2013 database (BRATS 2013), our hypothesis was shown to have the
highest Dice Similarity Coefficient metric scores in all three categories (0.88, 0.83, 0.77). In addition,
the online evaluation platform ranked it as the best overall in its category. We used the same model
for the on-site BRATS 2015 Challenge and came in second with a Dice Similarity Coefficient measure
of 0.78, 0.65, and 0.75 for the entire, core, and enhancing regions.

1.INTRODUCTION

Gliomas are the most deadly and common its intra-tumoral architecture.  Manual
types of brain tumors. Low Grade Gliomas segmentation, on the other hand, is labor-
(LGG) and High Grade Gliomas (HGG) are less intensive and prone to unquantifiable inter-
aggressive and infiltrative than one another in and intra-rater mistakes. As a result, doctors
terms of growth and spread. Patients rarely frequently rely on arbitrary metrics when
live past 14 months following diagnosis, even making diagnoses. Semi-automated or
when they are receiving treatment. Surgery, automatic approaches are needed for these
chemotherapy, and radiotherapy are among reasons. However, this is a difficult task due to
the most common treatments currently the wide variety of shapes, structures, and
available. Because it is possible to obtain MRI locations of these anomalies. As a result of
sequences that provide supplementary the tumor bulk effect, surrounding normal
benefit from correct glioma segmentation and tissues are rearranged.
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MRI images may also have various issues, such
as a lack of homogeneity in intensity or varied
intensity ranges among the same sequences
and scanners. There are a number of
approaches to brain tumor segmentation that
generate a parametric or non-parametric
probabilistic model from the raw data. This
type of model typically incorporates a prior
model as well as a likelihood function relating
to the observed data. There are many ways in
which tumors might be segmented because
they are
anomalies.outliersofnormaltissuesubjectedtos
hapeandconnectivityconstrains.Otherapproac
hesrelyonprobabilistic atlases. In the case of

brain tumors
theatlasmustbeestimatedatBecause to the
varying shapes and locations of the

neoplasms, segmentation time In order to
develop atlases, it is possible to assess the
mass effect of tumor growth models. Through
Markov Random Fields, it is possible to get
smoother segmentation by analyzing the
voxel neighborhood (MRF).

To segment brain tumors, Zhao and
colleagues also employed an MRF to estimate
the likelihood function following a preliminary
over-segmentation of the picture into super
voxels. When it comes to generalizing
generative models to new data, Menze and
colleagues found that it was difficult to
directly transform prior knowledge into an
acceptable probabilistic model. Methods that
use data directly to infer a distribution belong
to a different category. Despite the fact that a
training stage can be a drawback for this
approach. Although context information can
be added through the features, this approach
typically treats voxels as independent and
identically distributed. Because of this, some
solitary voxels or tiny clusters may be
incorrectly labeled as belonging to the wrong
class, even in physiological and anatomically
incongruous areas.

Some writers have found a solution to this
issue by integrating the classifier's
probabilistic predictions within a Conditional
Random Field. Support Vector Machines
(SVM) and, more recently, Random Forests
(RF) classifiers have been used successfully in

the segmentation of brain tumors. The RF
became a lot more popular than it had
previously been.

due to its capacity to deal with vast feature
vectors and situations involving several
classes by nature. Encoding context first-order
and fractal-based texture gradients, brain
symmetry, and physical qualities were all
proposed in the literature. Others have come
up with new techniques to use supervised
classifiers. Two-stage segmentation
framework built using output from the first
classifier to improve RFs by Tustison and
coworkers (Tustison et al.). Spatially Adaptive
RF was proposed by Geremia et al. for
hierarchical segmentation. Semi-supervised
RF was employed by Meier and colleagues to
train a  post-operative  brain  tumor
segmentation classifier.

Deep Learning, on the other hand, is a type of
representation learning that uses data to
automatically build an ever-increasing
hierarchy of increasingly = complicated
features. The emphasis is on architecture
design rather than the creation of custom
features that may necessitate specialist
training. Several object identification and
biological picture segmentation tasks have
been won with the help of CNNs.

Using kernels, a CNN is able to take context
into account and be employed with raw data
because it operates over patches. Recent
proposals in the field of brain tumor
segmentation include the use of CNNs. It was
found that using a shallow CNN with two
convolutional layers separated by max-
pooling with stride 3 followed by one fully-
connected (FC) layer and a soft max layer
resulted in the best performance. The usage
of 3D filters was evaluated by Urban et al.,
despite the majority of authors preferring 2D
filters. In order to take use of 3D photos, it is
necessary to use 3D filters. Some suggestions
analyzed two-pathway networks in order to
allow one branch to get larger patches than
the other, thereby providing a larger context
view of the image. Additionally, Havaei et al.
developed a cascade of two networks and
executed a two-stage training process, by
training with balanced classes and then fine-
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tuning it with proportions that were close to
the original ones. A binary CNN is used by
Lyksborg et al. to identify the entire tumor. It
is then smoothed out with the help of cellular
automatas and CNNs before the subregions of
tumor may be identified. A CNN was learned
for each voxel and the outputs of the last FC
layer with softmax were concatenated and
used to train an RF classifier for each voxel in
each MRI
sequence.DvorakandMenzedividedthebraintu
morregions segmentation tasks into binary
sub-tasks
andproposedstructuredpredictionsusingaCNN
aslearning method. Patches of labels are
clustered intoadictionary
oflabelpatches,andtheCNNmustpredict the
membership of the input to each of
theclusters.Inthispaper,inspiredbythegroundb
reakingworkofSimonyanandZisserman

We are looking into the possibility of
segmenting gliomas in MRI images utilizing
deep architectures with small convolutional
kernels on deep CNNs. Small 3 3 kernels were
presented by Simonyan and Zisserman in
order to obtain deeper CNNs. For the same
receptive field, we can use smaller kernels to
stack additional convolutional layers. For
example, the effective receptive field of two
3*3 cascaded convolutional layers is the same
as one 5*5 layer, but there are fewer weights.
In addition, it has the advantage of applying
more non-linearities and being less prone to
overfitting because small kernels have fewer
weights than larger kernels. It is also possible
to resolve data heterogeneity generated by
multi-site, multi-scanner acquisitions of MRI
images by using the intensity normalization
method provided by Nyl et al as a pre-
processing step. Data augmentation is also
mean and unit variance.

Frabnbng Phase

Ctrmin

[

Famting Flamse

Fig:10verviewofthe proposedmethod
ConvolutionalNeuralNetwork

There are two types of feed-forward artificial
neural networks in machine learning: CNNs

-Cope—"  ogerey - prmysie—ny gt

used to explore the significant geographic and
anatomical heterogeneity in brain tumors.
Methodfor Implementing

Fig. 1 presents an overview of the
proposedapproach.Therearethreemainstages:
pre-processing,classificationviaCNNandpost-
processing.

Pre-Processing

The inclination field bending alters X-ray
images. Similar tissue forces fluctuate over
the image as a result of this. We used the
N4ITK method to tweak it. But this isn't
enough to ensure that the power delivery of a
tissue type is in a comparable force scale
across various participants for a similar MRI
grouping, which is an unquestionable or
certain presumption in most division tactics.
In fact, it can vary regardless of whether the
picture of an identical patient is obtained in a
similar scanner in varied time frames or in the
presence of a pathology. On every patient and
acquisition, we use a recommended
standardization technique to reduce the level
of difficulty and force. Using the preparation
set, an arrangement of historical force points
is discovered for each group in this power
standardization strategy. In addition, each
MRI sequence as depicted corresponds to the
force at the tenth percentile level. In
preparation for standardization, the first
powers between two milestones are
proficiently changed into related learnt points
of interest. Thus, the histograms for each
successive series are more comparable
between participants as a result. When we
normalize the MRI images, we calculate the
mean power esteem and standard deviation
for each grouping of preparation patches. At
this phase, the patches on each arrangement
are standardized to have zero

(sometimes referred to as ConvNets) and
regular neural networks (also known as
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Random Neural Networks or RNNs). A
mathematical convolution can be performed
on the individual neurons of the animal brain
so that they respond to overlapping portions
of the visual field. Inspired by biological
processes, convolutional networks are
versions of multilayer perceptron's that are
optimized for minimal preprocessing. They
can be used in image and video recognition,
recommendation systems, and data
processing. As a result of its shared weights
architecture, the convolutional neural
network is also known as a shift invariant or
space invariant artificial neural network
(SIANN).d translationinvariancecharacteristics.
The following concepts are important in
thecontextofCNN:
Initialization:Itisvitaltoaccomplishmerging. We
utilize the Xavier introduction. Withthis, the
enactments and the angles are kept up
incontrolledlevelsgenerallyback-
proliferatedinclinationscouldvanishordetonat
e.
Activation Function: It is responsible fornon-
linearly transforming the data. Rectifier
linearunits(RELU)definedas
(1)
Werefoundtoaccomplishpreferableoutcomeso
verthemoreestablishedsigmoidorhyperbolicdi
gressioncapacitiesandacceleratepreparing.lna
nycase,forcingasteadyOcanimpede the angle
streaming and resulting change
oftheweights.Weadapttotheseimpedimentsuti
lizingavariationcalledbrokenrectifierdirectunit
(LRELU) that presents a little incline on
thenegativepieceofthecapacity.Thiscapacityisc
haracterized as

(2)
WhereistheleakynessparameterinthelastFClay
erweusesoftmax.
Pooling:ltconsolidatesspatially
adjacenthighlightsinthecomponentmapsthisbl
endof

Additionally, the computing load of the next
steps may be reduced if the depiction is
reduced and invariant to minor picture
changes, such as the removal of immaterial
points of interest. Most often, max-pooling or
normal pooling is used to connect highlights.

Regularization: Overfitting can be reduced by
using this method. It is a feature we use in the
FC layer. It removes hubs from the system on
a regular basis. FC layer hubs can develop
better representations of the information that
prevents them from co-adjusting to each
other, as a result of this. All hubs are put to
use during the testing phase. With the
preparatory information scattered throughout
each system, Dropout can be seen as a
collection of disparate systems and a form of
packing.

Data Augmentation: It can be used to increase
the length of time it takes to prepare sets and
decrease the amount of time spent fitting
them together. Pivoting operations were used
since the fix's kind is determined by the focal
voxel. However, for division, this could result
in a wrong class being credited for the
remedy, therefore some developers also
consider pictorial interpretations. As we
prepared for the initial fix, we were able to
increase our knowledge base by creating new
fixes. We used a range of 90 points in our
proposal, but another option will be evaluated
.LossFunction:It is possible to limit oneself
when preparing. Categorical Cross-entropy (C)
is the goal, and it represents the probability of
the forecasts made after the delicate
maximum. Following that, we'll go over the
technical aspects of creating our CNN.

We prefer a reliable division technique, but
keep in mind that tumors contribute extensive
intra-tumor structure changeability, which
makes the division a challenging issue." We
created a CNN and fine-tuned the force
standardization adjustment for each tumor
review LGG and HGG in order to reduce this
level of complexity.

Tables 3.1 and 3.2 show the potential designs.
Due to the fact that going further did not
improve LGG, HGG's engineering is more
advanced than LGG's. Adding more layers with
weights that may increase in size due to the
smaller preparation set of LGG is required to
proceed forward.
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Because the database used for assessment
contained more HGG cases than LGG cases, it
was necessary to set Dropout with in LGG
rather than HGG. HGG and LGG also have
different looks and examples. Due to the fact
that we will be performing division, we
require a precise sense of space. Pooling is a
surefire approach to ensure invariance and
remove Any extraneous details, no matter
how small they may be. Additionally, it might
have a detrimental influence by omitting

Using 3*3 open fields and 2*2 walks, we are
able to store more data about the location.
Elements are cushioned before convolution in
the convolutional layers so that the
subsequent element maps can maintain the
same measurements. Due to the two fewer
convolutional layers in LGG than in HGG (a
total of 1,933,701 weights), there are
2,118,213 weights to prepare. All of the
divisions served as sources of data. Except for
the final layer that uses a more delicate max.,

important details. all layers with
weights use LRELU as the actuation work There were no
L L L
FAltww miaw Mev e ELR L L R Lo S L L B Rengnane
Loy wer ] A= N LI ) ot 1 - PR AR
L.nyer = 0 Iw= ) Lt ] - L s B e B
T . ayoe N - L 1 L o - A AR A3
Loayver A Ao N . x - - e AR WA
Lnayoer S - 1= ) 12 - Lot R IS
L.aywur & B A 1= 1 12m - L2ZMN - 1 1
L nayer 7 L B = ) P T2 L= I
! Ay wr M "o » - L =2 = - - TN 1= 10
I vy " <t - x2S« G272
L ] yor 10 o ) - xS 2N C
L ayor 1 L =~ - - - 28
TABLE1ARCHITECTURE OFTHEHGGCNN
L.
S =T Filter sirce Stride ## fhalters O uamits Tmg»unid
1 oo 3= 3 1< 1 Leve 2 -_— e FZ:oew JF3
=2 oo Z>= 3 1> 1 el - g ZF = 33
3 Jull B R = e T ) 3= 3 Z 2 — — S FTIo>< I3
=1 oL Juc e 1> 1 125 — == 1= 16
= oo 3= 3 1= 1 125 - L2 1o~ 16
[ e — ool 3= 3 2= 2 —_ - I 28> 1= 16
s o - - - 2S5 G2 T2
= Fao - - - 2SS0 2S5
= o - - - = 256

TABLE2 ARCHITECTURE OFTHELGGCNN
Training:The loss function must be minimized
in order to train the CNN, however it is
incredibly non-linear in nature. Stochastic
Gradient Descent is an optimization process
that moves in the direction of local minima in
steps proportional to the negative gradient.
Nevertheless, it can be slow in areas with little
curvature. Nesterov's accelerated momentum
is also used to speed up the process in these
places.Post-Processing

Some little groups might be wrongly
namedtumor.Tomanagethat,weforcevolumetr
iccompelsbyevacuatinggroupsinthedivisionacq
uiredbytheCNNthatarelittlerthanapredefinedli
mit.
SIMULATIONRESULTS
Image Acquisition:
image.lmagePre-
Processing:Toimprovetheimageinwaysthatincr

To acquire a digital

easesthechancesforsuccessoftheother
processes.
ImageSegmentation:Topartitionsaninputimag
einto itsconstituentpartsorobjects.

Image
Representation:Toconverttheinputdatatoafor
msuitableforcomputerprocessing.

Image Description: To extract features that

result insome quantitative information of
interest or featuresthat are basic for
differentiating one class of
objectsfromanother.

Image Recognition: To assign a label to an
objectbasedontheinformationprovidedbyitsde
scriptors.
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Fig:2HomePage

Pre-
Processing,Reconstruction,PatchExtractionaredonebyusingMatlabSoftware.Convolutionalneuralnet
workistheheartofthisproject. The qualities of the images are consideredfor features.
ImageRecognition:

Fig:3ImageRecognition
The images were taken from the data baseandisreconstructed.Thereconstructedimageisshown in the
above figure .The reconstructed imagehasonlywhiteandgreymatter.

Patch extraction

I .ond an Inage
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Fig:4 PatchExtraction

Inthispatchextractionwearegoingtoextract the image and is compared with the normalbrain image. It
is stored already and its features arecompared. If there is any then the abnormalities
willbetakenintoaccountanditwillbecalculated.
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argue,therefore,thatthecomponentsthatwerestudied have potential to be incorporated in CNN-
based methods and that as a whole our method is astrong candidate for brain tumor segmentation

usingMRIlimages.

Fig: 6: Comparison of Normal Image with Its BrainTumourlmage

4.CONCLUSION

For the purpose of MRI tumor segmentation,
we provide a new CNN-based approach. We
begin by correcting the bias field, adjusting
the intensity, and normalizing the patches. It
therefore follows that the training patches are
rotated and unusual LGG classes are
enhanced with samples of HGG during the
training process. For deeper designs, the CNN
is built over convolutional layers with tiny 3 3
kernels. We employed Nyl et alintensity .'s
normalization method to deal with the
heterogeneity introduced by multi-site, multi-
scanner MRI image acquisitions. We
demonstrate that this is critical to a successful
segmentation. Because the location and
anatomical makeup of brain tumors are so
unpredictable, we've looked into data
augmentation as a way to deal with this. We
We experimented with rotating patches and
sampling from classes of HGG that were
underrepresented in LGG to enrich our
training data set. We observed that data
augmentation was also extremely helpful,
while Deep Learning methods for brain tumor
segmentation were not completely examined.
As a side experiment, we compared our deep
CNN to shallow designs with larger filters in
order to see if the latter had any advantages
over the former. Even when employing a
greater number of feature maps, we
discovered that shallow designs performed
worse. LReLU was shown to be the most
critical activation function for training our
CNN. The proposed technique was tested in
the BRATS 2013 and 2015 databases,
respectively. The online evaluation platform
ranked us top in the 2013 database. In the
Challenge data set, it also took top place in
the DSC measure for the full, core, and
augmenting areas. We were able to minimize
the computation time nearly tenfold
compared to the best generative model [11].
In the on-site competition for the 2015
database, we came in second place out of a
field of twelve competitors. We
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