IJRASET

International Journal For Research in
Applied Science and Engineering Technology

" INTERNATIONAL JOURNAL
FOR RESEARCH

IN APPLIED SCIENCE & ENGINEERING TECHNOLOGQGY

Volume: 9 Issue: X Month of publication: October 2021

DOIl: https://doi.org/10.22214/ijraset.2021.38440

www.ijraset.com
Call: (£)08813907089 | E-mail ID: ijraset@gmail.com




International Journal for Research in Applied Science & Engineering Technology (IJRASET)
ISSN: 2321-9653; IC Value: 45.98; SJ Impact Factor: 7.429
Volume 9 Issue X Oct 2021- Available at www.ijraset.com

Brain Tumor Identification and Locating

Sanjeev Sriram', Ashwapuram Akshith Madhav?, Akhil Vajja®, Dr. Sunil Bhutada*
1238 Tech 4w year, “Professor, IT Department, Sreenidhi Institute of Scienceand Technology

Abstract: Various poorer-grade glioblastoma subtypes related with outline attribute have been identified in a late research.
poorer-grade glioblastoma can have symptoms ranging from slight seizures to extensive seizures, affecting the capability to talk
or even lift your arms and legs. This poorer-grade glioblastoma is handled with a combination of surgery and examination by
monitoring the tumor with brain MRI scans. The study of this project enabled us to build a completely self-working system for
segmentation of tumor utilizing computer vision techniques, and deploying models that would allow high- quality LGG detection
in the brain MRI would potentially be self-working to identify the genomic subtype of the tumor by quick and low-cost imaging.
The methodology, procedures, pros and their boundaries and their future ultimatums are discussed in this project.

L. INTRODUCTION
One of the eleventy diseases of the nervous system that have substantial distress to human health are brain tumors. Gliblastoma is
one of the most sorely and somberly occurring intracranial tumors. The estimated life anticipation for the victim who advanced into
HGG is about twenty-four months. For the most part this can be split between HGG and LGG. Numerous methodologies have been
used to determine brain tumors including MRI’s, Computed Tomography (CT), Tomography with Positron Emission. Out of all the
imaging techniques, MRI imaging technique turned out to be significant for treating the brain tumor explicitly. A newfangled
evaluations in the cancer, un- covered a novel investigation called radio- genemoics. These modest procedures in the surgical field
helps in determining the tumors more explicitly. The improvements of the artificial intelligence systems join hands in resolving
these tumor identifications. There are miscellaneous positive applications of expert systems and peculiarly in surgical domain.
These expert systems every so often even manifested to be better than the actual radiologists. Preprogrammed segmentation
methodologies using deep learning have provided outstanding results in the modern times. CNN is the pre-eminent and verified to
be the prime among the deep learning models that favors in extract-ing the features which are commending in real time
classification, given the original data. The medical brain tumor segmentation drew it’s heed towards deep learning, considering the
substantiate results and procurements it forged. Not long ago, the advances in the multi-scale feature extraction ways that
exemplified the segmentation job. Even if there are numerous suggested ways of for extracting the features and assembling the
feature map for segmentation, we in this paper evince a contemporary network using the residual blocks with the pre-existing Unet
framework proposed by Olaf Ronneberger and team.
1. PROPOSED METHOD
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Fig. 1. Proposed Model Architecture
The proposed methodology includes following tasks, in essence, dataset splitting, dataset transfor- mation, hyperparameter tuning,
modelling. Further details of each task are discussed below.
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A. Dataset Splitting

In general, there are numerous ways of split-ing the data depending on the given data. The data-setis spitted by hold-out procedure,
in essence 85% of train-ing data and 15% of test-ing or validation data, in the light of fact that the data-set used in this learning is
not biased and has just about same consignment of classes.

B. Dataset Transformation

Given that, the brain tumor images and their commensurable masks are available in less number, 3929 samples each, we have used
the Keras Image Data - Generator in order to grow the data-set proposition. This procedure is likely to be called as Data
Augmentation.

C. Modelling

In general, the UNet structure proposed by Olaf Ronneberger is substantiated to be the best for segmentation tasks. The residual
blocks in the UNet architecture provides the CNN model to get significant out-turns. In this work, we put forward a hybrid
architecture blend-ing the residual blocks and the Unet architecture and we call it as ResUnet.

D. ResUnet
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Fig. 2. ResUnet Architecture

ResUnet architecture (fig.2) incorporates UNet architecture with residual blocks to vanquish the dissipating gradient descent
complications present in the deep architectures. UNet is established on Fully Convolutional Networks and recasted in a way that it
out-runs well on segmentation tasks. ResUnet consists of three parts

1) Encoder or Contracting path
2) Bottleneck

3) Decoder or Expansion path

a) Contraction or Encoding path: The contraction path embodies of numerous contraction blocks, each block takes an input that
process through residual blocks accompanied by various 2x2 MaxPooling layers. Feature maps after each block doubles, which
helps the model learn tortuous features effectively.

b) Bottleneck: The bottleneck block, assists as a connection betwixt contraction path and the ex- pansion path. The block lay hold
of the input and then process through a residual-block accompanied by 2x2 Upsampling convolution layers.

c) Expansion or Decoding path: Consequential superiority of this structure lies in expansion or decoder path. Each block takes in
the up-sampled input from the preceding layer and progressions with the commensurable output features from the residual
blocks in the contraction path. This is then anew passed via the residual block accompanied by 2x2 Up-sampling convolution
layers.

This succors to clinch that features learning while contracting are used while rebuilding the image. Ultimately, in the endmost layer

of the expansion path, the yield from the residual block is moved across 1x1 conv layer to fabricate the desired yield with the

identical as the input.
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I1l. EXPERIMENTAL SETUP
A. Brain Tumor MRI Data
The suggested methodology is trained and assessed on the LGG Segmentation Data-set.

Fig. 3. MRI of Brain with tumor (left) and it’s mask (right)

Fig. 4. MRI of Brain without tumor (left) and it’s mask (right)

B. Evaluation Metrics
In this work we have used Tversky loss function [16] in array to fabricate evaluation more culpability free. This loss function has
parameters that can be enhanced to provide exceptional solutions by penalising the loss- function.
This loss-function accomodates constants ‘e’ and ‘B’ to act as penalising factors in case of false positives and false negatives. In our
work we have provided

a=0.7 @

V. RESULTS AND DISCUSSIONS

As introduced in the evaluation metrics section, we have provided the tversky loss function for evaluation. Below is the graph
plotted betwixt Tversky loss and epochs.
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Fig. 5. Segmentation model focal tversky loss

Below is the graph plotted betwixt the tversky score and the epochs.
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Fig. 6. Segmentation model tversky score
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After keen examination of fig.5 and fig.6, we can distincly understand that the model is perfect in accomplishing remarkable trade-
off betwixt over-fitting and under-fitting. Even though, we can still ameliorate the model, provided more digital images and
computation. Following the modelling part is completed, we assessed the model on the real time data and the prophecy of the data is
layed out below.

Fig. 7. Input Brain MRI (left), Output Brain MRI segmented image (right)

Fig. 8. Input Brain MRI (left), Output Brain MRI segmented image (right)

V. CONCLUSION

In this paper, we suggested a novel Res-Unet architecture to extricate numerous features methodically on brain tumor segmentation
data. The model architecture can be improvised by appending more frame-works with several residual blocks at both the contraction
and the expansion paths. On the account, our upcoming study is to see-through multiple elaborate features and also pinpoint the
grade of tumor based on segmented tumor structure.
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