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Abstract

The frequency of brain tumors is expanding quickly especially within the youthful era. Tumors
can specifically devastate all sound brain cells. Hands on examination could be produce errors.
Modified examination methodology is required since it lessens the stack on the human onlooker,
exactness isn't influenced due to expansive number of pictures. The discovery of brain tumors in
brain (MRI) picture is a critical handle for avoiding prior passing. This article proposes a
mechanized computer supported strategy for recognizing and finding the brain tumors in brain
MRI pictures utilizing profound learning calculations. Deep learning is perhaps the unexplored
frontier of machine learning that has received a lot of attention in recent years. It was broadly
connected to a few applications and demonstrated to be a capable machine learning instrument for
numerous of the complex issues. In this paper we utilized CNN classifier which is one of the DL
structures for classifying a dataset of brain MRIs into two classes e.g. ordinary cell & tumors cell.
The classifier was combined with the picture upgrade instrument and picture division Also,
coercion scores were very high for all coercion actions. The proposed technique is connected on
the brain pictures from open get to dataset. The experimental comes about appeared that the
proposed approach able to perform superior compare to existing accessible approaches in terms of

precision whereas keeping up the pathology experts’ worthy precision rate.

Keywords: CNN, MRI, Brain, Deep Learning, classification, feature extraction
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CHAPTER 1: INTRODUCTION

Within the past few a long time since of Al and Profound learning, critical advancement has been
made within the restorative science like Restorative Picture preparing strategy which makes a
difference specialists to the analyze infection early and effectively, sometime recently that, it was
monotonous and time-consuming. So to resolve such kind of impediments computer-aided
innovation is much required since Therapeutic Field needs proficient and solid strategies to analyze
life-threatening maladies like cancer, which is the driving cause of mortality universally for
patients. The quick advancement of wellbeing care innovation within the field of data and
communication designing is utilized to deliver the quick recuperating arrangements for numerous
wellbeing care issues of the patients around the world. That’s why Al has come to unravel such an
issue like this. Brain is the most foremost important organs in our body that workhouse with huge
of cells. Brain tumors emerge when there is intemperate cell division shaping an anomalous gather
of cells around or interior the brain. That gather of cells can influence the ordinary usefulness of
the brain movement and devastate the healthy cells [1]. The rate of brain tumors is expanding
quickly especially within the youthful era. Tumors can straightforwardly crush all sound cells.
Physical investigation can be human blunder. Automatic classification strategy is required since it
diminishes the stack on the human spectator, exactness isn't influenced due to expansive number
of pictures. This paper explains endeavor to location & classification of tumor in kind organize.
Proposed strategy comprises of two period to be specific picture division and classification. Within
the to begin with arrange, gotten the highlights related to MRI pictures utilizing division [2]. For
fragmenting we'll utilize binarization technique. Base this methods, we will separate the abnormal
section of the images and other stage, the classifier is classified images using Convolutional Neural

Network (CNN) classifier. This process is also called pixel-level classification. That is, dividing
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an image into multiple segments. Concurring to the report gotten from NCE Insights and WHO,
each year 12 762 people are influenced by brain tumors [3]. Another estimation appear that 88,970
individuals will get an essential brain tumor determination in 2022 and the middle age at
determination for an essential brain tumor is 61 a long time [4]. Later work has appeared that
classification of human brain in (MR) pictures is conceivable through directed procedures such as
counterfeit neural systems and bolster vector machine (SVM), and unsupervised classification
procedures such as self-organization outline (SOM) and fluffy c-means. Other administered
classification strategies, such as Convolutional Neural Organize (CNN) can be utilized to classify

the normal/pathological MRI pictures.
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CHAPTER 2: LITERATURE REVIEW
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CHAPTER 3: METHODOLOGY

3.1 MR Image Dataset

This article uses brain MRI images from the Harvard Medical School open access dataset. This
dataset consists of brain images annotated by his two independent experts in the field. The image
has mixed pixel resolutions. In this article, a sample of 253 brain MRI images (155 positive, 98
negative) was acquired resulting in 253 sample images. Height or width with a resolution of 250

X 250.

a) Tumor positive b) Tumor negative

Figure 1: MR image dataset sample
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3.2 Methodology Structure

For Trained 80%

> For validation 10%
—_—
For Test 10% o
! ’.f"t\'&h

Image Enhancement . ‘|
i Fi —
LA =,
; &
= L
Feature Extraction . i
Image Segmentation b it e et met T T 0w

Tumor Positive

Tumor Negative .

Figure 2: Research Methodology
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3.3 Image Pre-Processing

Therapeutic picture investigation run into the pre-processing, since of the commotion might be
included to the MR pictures due to imaging gadgets. This study is utilized picture enhancement,

picture resizing, Picture augmentation, picture segmentation,

3.3.1 Image Enhancement

Picture enhancement is a picture preparing strategy to extend worldwide differentiate of a picture
utilizing the picture escalated histogram. This strategy needs no parameter, but it some of the time
comes about in an unnatural looking image. The major issue within prepare of discovery of border
of tumor is that the tumor shows up exceptionally dim on the picture that is exceptionally
confounding or hazy. To fathom that issue, Histogram Equalization has used on picture, which

progress differentiate of MRI picture to make strides attribute [5].

3.3.1.1 Histogram Equalization

To begin with normalize the escalated values between 0 to 1. Map the concentrated values
employing a monotonically expanding work S given by,

Sk =T (rk) = (L - 1) Pkj=0r (r j)

= (L-1) nkj=0j / MN .....k=0, 1,.. L-1

= (L-1)/MN nkj=0i. v 2)

Where, sk= output image, rk =Input image with intensity &T (rk) = Transformation function.
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Using the Histogram equalization, transform the original image to a histogram equalized image

using the intensity rk into a corresponding pixel with level sk in the output image [6].

3.3.2 Image Resizing

Image resizing is an important preprocessing step in computer vision. Our machine learning
models typically train faster on smaller images. Additionally, many deep learning model designs
require that the photos be the same size, even if the raw images collected are of different sizes. All
photos must be scaled to 250x250 before feeding to the CNN, as the neural network requires the
same input size. The less shrinkage required, the larger the fixed size. Less shrinkage means less

distortion of image features and patterns.

3.3.3 Image Augmentation

Image augmentation may be a strategy of altering existing pictures in arrange to create extra
information for the demonstrate preparing handle. In other words, it is the method of misleadingly
expanding the dataset accessible for profound learning demonstrate preparing. Image
augmentation is a technique for expanding a data collection artificially. This is useful when dealing
with a data collection that has only a few data samples. This is a terrible circumstance in Deep
Learning since the model tends to over-fit when we train it on a small number of data samples. We
generated positive 1085 and 980 negative images by augmentation from 155 positive and 98

negative images.

© All right Reserved by Daffodil International University



16

3.3.4 Image Segmentation

One of the most important operations in computer vision is division. Image segmentation is the
allocation of parts of an image that are clustered together and located in the same object class. This
preparation is also called pixel-level classification. In other words, the image (or video frame) must
be split into multiple fragments or objects. For sectioning we are going utilize binarization
technique. Image binarization is utilized as pre-processor which changes over gray scale picture
in to a twofold picture (either dark or white) base on a few edge esteem. The only thresholding
strategies supplant each pixel in an picture with a dark pixel in the event that the picture
concentrated li,j is less than a few settled steady T (that's li,j < T), or a white pixel in the event that
the picture concentrated is more prominent than that consistent. There was a swell utilized for
segmentation because it is most reasonable for the show application in arrange to discover a
binarized picture with gray level 1 speaking to the tumor locale and gray level 0 speaking to the

rear [7].

Figure 3: Brain tumor Segmented Image
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3.3.5 Feature Extraction

Working with expansive sums of information in machine learning can be a dull assignment.
It takes a pointless sum of time and capacity and a part of the input information is frequently
repetitive. Usually where feature extraction comes in. Include extraction may be a
procedure utilized to diminish a large input information set into pertinent highlights.
Typically done with dimensionality diminishment to convert expansive input information

into littler, significant bunches for handling.

Benefits

Feature extraction can demonstrate supportive when preparing a machine learning
demonstrate. It leads to:

A Boost in training speed
o Animprovement in model accuracy
« Overfitting risk reduction.
« Improved Data Visualization.

 Increase in explain ability of our model.

GLCM matrix highlights are used to distinguish between typical and abnormal brain
tumors. GLCM is Gray Level Co-occurrence Grid (GLCM), also known as Gray Level
Spatial Matrix. A GLCM is a matrix whose number of rows and columns equals the

number of gray levels in the image [8].
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Gray level co-occurrence matrix (GLCM):

A grayscale co-occurrence matrix (GLCM) is essentially a two-dimensional histogram.
The GLCM strategy takes into account spatial relationships between pixels of different
gray levels. This strategy computes GLCM by calculating how regularly a pixel with a
given concentration i occurs relative to another pixel j at a given discrete d and
introduction ©. Co-occurrence networks can be recognized by their relative frequencies P
(i, J, d, ©). The co-occurrence network is therefore the task of removing d, the point O,

and the dimensional scales i and j. [9].

Texture Features: Surface highlights utilized within the investigation and elucidation of
pictures. Whereas the gray-level co-occurrence framework (GLCM) is generated,
contained textures can be properly computed from a grayscale co-occurrence network
(GLCM). GLCM is extracted from each image. Co-occurrence networks are computed in
four directions: 0, 45, 90, and 135 degrees. The following measurable surface highlights

are computed:

1] Entropy - measures the arbitrariness that can be used to characterize the surface of the
input image. Entropy is when all Pij are 0. Entropy = — pi, * 1092( pi, j)..(3)

2] Relationship - The degree to which a pixel is related to its neighbors across the image,
run [-1 1]. The correlation is 1 or -1 for perfectly enhanced or unfavorably connected

images. Relation = i—i j—[1j p (i,)i gji,j ..(4)
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3] Energy — Returns the sum of the squared components in the GLCM, Run[0 1]. For a
consistent image, the energy is 1. Vitality = pi, (i,])2... (5)

4] Homogeneity - distribution of components within the GLCM and spatial proximity
across the GLCM to measure Range [0 1] for edge-to-edge GLCM, uniformity is 1.

Uniformity = (i,j)1+ i—j i,j. ... (6)

5] Differential - The degree of centralized differentiation between the pixel and its

neighbors across the image. Differentiation is for a consistent image. Differential = i—j i,2

p (0. ()

3.4 Data Split:
By the way, the data was part of the intake: 80% of the information for training. 10% of the

information for approval. 10% of the information for testing.

3.5 Classification

In this study we proposed a CNN learning design for classification, and the classifier distinguishes
brain tumors on brain MRI. Techniques that have been proposed to classify brain tumors on brain
takes after:

Step 1: Data acquisition

Step 2: Picture segment

Step 3: Extracting feature from images

Step 4: Classification using CNN
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Classification is the method of assigning courses to specific tests based on information gathered
by classifiers during preparation. Its job is to point the input design addressed by the vector to one
of a number of predefined classes. In this article, we use a CNN classifier to classify MRI images

of the brain between healthy or tumor brain. In this article we will use mainly CNN Algorithm.

conv0 max_pool0 max_pooll

. - -E | - .

244, 244, 3
( ) (238, 238, 32) (59, 59, 32) (14, 14, 32)

(1, 6272) Output:
1 represents tumorousclass
0 represents the non-tumorousclass

Input Image:
(240, 240, 3)

Figure 4: CNN Architecture

3.5.1 Architecture Overview:
Each input x(image) contains the form (240, 240, 3) and is inserted into the neural array. And then

go through the next layer.

Zero-loss layer with pool estimates of (2, 2).

32-channel convolutional layer. The channel estimate is (7, 7) and the walk break even is to 1.
A group normalization layer that normalizes pixel values to speed up computation.

ReLU translation layer.

max pooling layer with f=4 and s=4. Max pooling layer with f=4 and s=4 as before.
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Linearization plane for linearizing a 3D grid into a 1D vector. A thick (yield unit) layer perfectly

associated with neurons with sigmoidal runs.

3.5.2 Why this architecture?

In general, CNNs tend to be more powerful and accurate methods for solving classification
problems. We initially combined exchange learning with ResNet50 and vgg-16, but these models
were too complex to measure information and overfit. Of course, applying exchange learning to
these models using information augmentation yields excellent results. However, | use the
preparation on computers with limited hardware resources. Therefore, computational complexity

and memory limitations had to be considered.
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CHAPTER 4: ANALYSIS & PERFORMANCE

4.1 Validation: Model validation is a method of evaluating a prepared demonstration using a set
of test information. The test data set could be split packets of the same set of information from
which the preparation set is persuaded. The most reason of utilizing the testing information set is
to test the generalization capacity of a prepared show. Demonstrate approval is carried out after

demonstrate preparing.

Loss

0.8 - \ —— Training Loss

Validation Loss
0.7

06

05 A

04

03 A

02

01

Figure 5: Training and validation loss

This plot x-axis is for epoch and y-axis for performance rate at every epoch. Yellow color shows
validation loss and greenish color shows training loss.

This plot illustrates some performance measure validation for the model. It shows that loss and
validation are used to evaluate the model. The model achieved the precision of 94%, 98% for Class
negative and positive respectively that show in the next chapter. The model was trained for 24

epochs and these are the loss plots. We can see that more epoch produce more less validation loss.
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Our method is very data intensive algorithm. That’s why its produce less loss with more annotation

data with more epoch.

4.2 Accuracy: Accuracy is one metric for assessing classification models. Casually, exactness is
the division of forecasts our show got right. Formally, exactness has the taking after definition:

Exactness = Number of adjust expectations Add up to number of predictions.

Accuracy

10

9

05 4

07 4

06 4

— Training Accuracy
05 4 ‘Validation Accuracy
0 5 10 15 20

Figure 6: Training and validation accuracy

This plot x-axis is for epoch and y-axis for performance rate at every epoch. Yellow color shows
validation accuracy and greenish color shows training accuracy.

The most excellent validation precision was accomplished on the 23rd iteration. The designed
architecture or framework is also analyzed with respect to simulation environment parameters and
metrics. Sensitivity and specificity define the number of correctly correlated tumor area pixels,

and precision defines the total number of tumor and non-tumor pixels accurately detected in the
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final segmented brain image of the tumor area. To do. Accuracy defines well-detected non-tumor
pixels and disc similarity index indicates the total number of similar tumor-detected pixels

including the ground truth image. All these parameters are measured in percent and vary from 0.1

to 1.0.
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5.1 Result

CHAPTER 5: RESULT & DISCUSSION

25

Now, the best performing model is which perform best on test set. Our model detects brain tumor

with:

97.3% accuracy on the test set.

0.96 f1 score on the test set.

Above results are impressive that the data is not so rich.

Result are given below:

Validation set Test set
Accuracy 98.6% 89%
F1 score 0.98 0.88

The method proposed in this article is simulated using a notebook with python environment with

a 16GB memory and a 3.6GHz CPU. This developed framework is evaluated in terms of

classification rate, which is the ratio between correctly recognized images and the total images

considered in this work. The proposed system classifies 155 brain MRI images as normal,

achieving a classification rate of 97.3%. This framework also classified 105 brain MRI images as

abnormal against 102, receiving a classification rate of 98% for the abnormal category. Therefore,

this framework based on the CNN approach achieves an average detecting rate of 97.3%.

5.2 Comparing Result with other algorithm:
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100
80
50
40

20

CNN ANN KNN D.Tree

Figure 7: Different algorithm performance

We can see that CNN perform superior over ANN, KNN, and Decision Tree. CNN perform better
when we have big dataset to find tumor cell. Our model produce The F1 score is defined as the
harmonic mean of precision and recall 0.98 that is very good perform comparing to other others
model. Overall accuracy is more than 97% for positive and 97.3% for negative tumor cell

detection.

5.3 Discussion

A CNN is proposed in this framework to identify tumor-affected images. CNN architecture is
designed with convolutional layers and pooling layers by NN. Neural network algorithms generate
output patterns for either tumor-affected or non-tumor-affected brain images. Morphological
segmentation methods, including dilation followed by erosion in neoplastic brain images, are then
used to identify neoplastic pixels. The proposed method is tested on brain MRI images acquired
from open-access datasets. The performance of this proposed method is analyzed in terms of

classification rate, sensitivity, specificity and accuracy. The proposed brain tumor detection
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achieves an average classification accuracy of 98% His, with a sensitivity of 97.2%, a specificity
of 98.9% and a tumor segmentation result of 98.5%. Additionally, diagnostics are performed using
the CNN architecture. The average diagnosis rate using the proposed CNN framework is about

97.7%. Tumor regions in thermally scanned brain images are identified as promising regions.
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CHAPTER 6: CONCLUSION

Physically location of brain tumor isn't as it were a long prepare but moreover the victory rate
depends on the individual who is doing it adjacent to, programmed approaches takes less time but
comprises of numerous complex approaches. This inquire about not as it were contracts down the
approaches which diminish the time but moreover gives the higher precision comparing to others.
As early location of tumor is exceptionally imperative for a brain tumor understanding, this
investigate will help the pathologists to distinguish brain tumor more rapidly with higher precision.
But it is still conceivable to extend the exactness rate and subsequently there's still scope to work
with brain tumor MRI gray-scale pictures. On the off chance that picture quality remains
comparative for diverse research facilities and specialists intra and inters observation inconstancy
issues can be minimized at that point in future it'll be possible to extend the precision rate. In this
circumstance the as it were parameter will need to be calibrated is the tumor locale region in pixels
which falls in between (200-20000). The proposed brain tumor detection achieves an average
classification accuracy of 97.3% with a sensitivity of 97.2%, a specificity of 98% and a tumor
segmentation result of 98.5%. Additionally, diagnostics are performed using the CNN architecture.
LBP features along with GLCM are used in this framework for tumor diagnosis. The average
diagnosis rate using the proposed CNN framework is about 97.3%. Tumor regions in thermally

scanned brain images are identified as promising regions.
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CHAPTER 7: FUTURE WORK

In this paper we proposed an effective technique which combines the Histogram equalization to
classify the brain MRIs into Normal and dangerous brain tumors. The new methodology design
take after Neural Network with more layer architecture but requires more hardware specifications
and takes a helpful time of handling for huge estimate pictures .The great comes about
accomplished utilizing the DWT seem be employed with the CNN within the future and compare

the results.

© All right Reserved by Daffodil International University



30

References

Mohsen, H., EI-Dahshan, E. S. A., ElI-Horbaty, E. S. M., & Salem, A. B. M. (2018). Classification
using deep learning neural networks for brain tumors. Future Computing and Informatics Journal,
3(1), 68-71.

Chavan, Nikita V., B. D. Jadhav, and P. M. Patil. "Detection and classification of brain
tumors."” International Journal of Computer Applications 112.8 (2015).

Chavan, Nikita V., B. D. Jadhav, and P. M. Patil. "Detection and classification of brain
tumors." International Journal of Computer Applications 112.8 (2015).

. Vinod kumar et al. “Classification of brain tumors using PCA-ANN”, 2011 IEEE International
Conference ,Department of Electrical Engineering, Indian Institute of Technology Roorkee,
Roorkee, Uttrakhand, India.

S.N. Deepa and Aruna Devi, “Artificial Neural Networks design for Classification of Brain
Tumor”, 2012 IEEE International Conference on Computer Communication, Department of EEE,
Anna University of Technology. Coimbatore, India.

Gurunathan A, Krishnan B. Detection and diagnosis of brain tumors using deep learning
convolutional neural networks. Int J Imaging Syst Technol. 2020;1-11.

. Ailgazzaz S, Sun X, Yang X. Automated brain tumor segmentation on multi-modal MR image
using SegNet. Comp Visual Media. 2019;5:209-2109.

Kong Y, Deng Y, Dai Q. Discriminative clustering and feature selection for brain MRI
segmentation. IEEE Signal Process Lett. 2015;22(5):573-577.

Menze B, Reyes M, van Leemput K. The multimodal brain tumor image segmentation benchmark

(BRATS). IEEE Trans Med Imaging. 2015;34(10):1993-2024.

© All right Reserved by Daffodil International University



10.

11.

12.

13.

14.

15.

16.

17.

18.

31

Sazzad, T. S., Ahmmed, K. T., Hoque, M. U., & Rahman, M. (2019, February). Development of
automated brain tumor identification using MRI images. In 2019 International Conference on
Electrical, Computer and Communication Engineering (ECCE) (pp. 1-4). IEEE.

Das, S., Aranya, O. R. R., & Labiba, N. N. (2019, May). Brain tumor classification using
convolutional neural network. In 2019 1st International Conference on Advances in Science,
Engineering and Robotics Technology (ICASERT) (pp. 1-5). IEEE.

Saranya, N., & Renuka, D. K. (2021, May). Brain Tumor Classification Using Convolution Neural
Network. In Journal of Physics: Conference Series (Vol. 1916, No. 1, p. 012206). IOP Publishing.
Bousselham A, Bouattane O, Youssfi M, Raihani A. Towards reinforced brain tumor segmentation
on MRI images based on temperature changes on pathologic area. Int Biomed Imag.
2019;1758948:1-18.

Alqudah M, Alquraan H, Abu Qasmieh I, Alqudah A, Al- Sharu W. Brain tumor classification
using deep learning technique—a comparison between cropped, uncropped, and segmented lesion
images with different sizes. Int J Adv Trends Comput Sci Eng. 2019;8(6):3684-3691.

Sheela CJJ, Suganthi G. Morphological edge detection and brain tumor segmentation in magnetic
resonance (MR) images based on region growing and performance evaluation of modified fuzzy
C-means (FCM) algorithm. Multimed Tools Appl. 2020;79:17483-17496.

Asikala M, Kumaravel N. A wavelet-based optimal texture feature set for classification of brain
tumours. J Med Eng Technol. 2008;32:198-205.

Khawaldeh S, Pervaiz U, Rafiqg A. et al. Noninvasive grading of glioma tumor using magnetic
resonance imaging with convolutional neural networks. Appl Sci. 2017;8 27-34.

Arif, M., Ajesh, F., Shamsudheen, S., Geman, O., Izdrui, D., & Vicoveanu, D. (2022). Brain tumor detection
and classification by MRI using biologically inspired orthogonal wavelet transform and deep learning

techniques. Journal of Healthcare Engineering, 2022,

© All right Reserved by Daffodil International University



32
19. T. Hossain, F. S. Shishir, M. Ashraf, M. A. Al Nasim and F. Muhammad Shah, "Brain Tumor
Detection Using Convolutional Neural Network," 2019 1st International Conference on Advances

in Science, Engineering and Robotics Technology (ICASERT), 2019, pp. 1-6, doi:

10.1109/ICASERT.2019.8934561.

© All right Reserved by Daffodil International University



e, 85 am

Torrets - Crignaity Repert - 171-35-2084

Turnitin Originality

Report
Processes oo -
on: 06-Nav-2022 08-%8 +06 e
0: 19454181y I
Word Count: 3307 iy Irterrwt Sources: :9:
Pubdecations: 1
ATy 24% Student Papens= 1%

171-35-2084 By Md.
Mahamodul Hasan

11% match (lmernet from DG—N:V-ZOlG)

6% match (Akdla Gurunathan, Batn Krishnan. "Detection and diagnosis of brain
tumors using deep leaming conveolutional neural networks®, Intermational
Journal of Imaging Systems and Technology, 2020)

Alala Gurunathan, Batri Krishnan. "Detection and diagnesis of brain tumors
using deep learning convolutional neural networks”, International Journal of

Ilmaging Systems and YTechnology, 2020

3% match (Internet from 25-0ct-2022)
https://github.com/MohamedAliMabib/Brain-Tumer-Detection

1% match (student papers from 20-Nav-2020)

< 1% match (Advances in Intelligent Systems and Computing, 2013.)
Advances in Intelligent ms and 2013,

< 1% match (student papers from 01-Sep-2020)
Submitted to Migher Education Commission Pakistan on 2020-09-01

< 1% match (student papers from 08-Aug-2021)
Submatted to Universty of Essex on 2021-08-06

Classifying & Detecting Brain Tumor Using CNN from MR Images Submitted
by Md. Mahamodul Masan 1D: 171-35-2084 Dgaxwmm

ummm Head an::nng

So&ware Eng nng. £ NI mh& Reserved by Daffodll lmemnbona
Universty Abstract The frequency of brain tumors is expanding guickly
especially within the youthful era. Tumors can specifically devastate all sound
brain cells. Mands on examination could be produce errors. Modified

wporl_printesn sop Tug= A ety 1 Saure 1 Ghokd=1 9458 18 1258008 rrelrme JRavr=S88r= 15 | FIE5452544 Y S8 Mmngman

"

33

© All right Reserved by Daffodil International University



HETT IS A Turriin - Oeiginaily Papor - 171-32-3084

aamEnation matfodology i reguined sinoe (b kssans the stack on the haman
onlcokier, @xactness En't influenced due o expansive number of pichunes. The
discowisry of brain tumors in beadn (MRI) picture & a critical handla for
dineg price passing. This aetick progoces 3 mechan ped comgerter
supported strategy for retognizing and finding the brain bemaors in Brain MAD
pictures utilizing profousnd kaming cakulations. Deep leaming & perhaps the
unexpiored frontkesr of machine Karming that has mecsived a lob of athengion in
racent years. It was broadly connected to a fesw applications and
desmonsbrated to be a capable mathing leanning rebrament for numsrous of
thix cormniples Eoues. In thic paer we utilized CHN dassifier which & ona of
the DL structures for Classifying 2 dataset of bradn MRS inbo two classes a.g.
crdinary o2l & tumors cell. The dassifier was combinad with the picure

d instrumsent and pictune division Ak, CORNCENn Soones ware wary high
for alll opesrcion actioreg. The propoced technique s connacted on the Brain
pctures froem opan get to dataset. The expeimental comies aboul appoaned
that the: proposed approach abla to parform supeior compans to existing
access il approaches in tenms of precision whersas kesping up the
pathology experts” woethy precision mbe. Keywords: CHN, HEL, Brin, Desp
Laaming, cassificatisn, Mafure extraction CHAPTER 1: INTROGUCTION
‘Within tha past fiew a long time since of A1 and Profowsnd Kaemdng, critical
adwancement Fad baan e withen the restorat ve Sobnoe |os Rechorat e
Picture prepaning strategy which makes 3 deffersnce specialists to the analyze
infasction early and effectively, sometime recantly that, it was monobonous
aned H e Core LTy S0 o rescolve such kind of impadiments computer-al dad
innvation & much requined since Therapeutic Flield nesds sroficent and sokd
strategios o sradyze Be-thrastening makdies Bk cancer, wihich |s the
driving cactse of maoality whiversally for patients. The gulck adwancement of
wiellbaing Cane: indswathon within the feld of data and ooemisnd cakksn
designing i utikzed to deliver the quick recuperating armangamants for
rramences wellbaing cane Esues of the patients arcund the vweorkd. That's why
&I has coma bo unravel such an issue lioe this. Brain is the most Toremost
important orgais in our body that workhouse with hege of celis. Bradn hemors
arasgae wihien thies i intempenabe ool division shaging &n anomalous gathar
of calls around o interkor the brain. That gather of cells can inflesnce Bhi
ordinary usefiubness of e brain movement and devasiate the heakhy cells
[1]. Tha rabe of brain tumors |5 ecpanding quickly especally within the
youthhsl era. Tumors can strakghbiorsaedly onash all sownd calls. Phiysical
invastigation can be humean blunder. Actomat dassification strategy is
meguired since £ diminichas the stack on i Buman spectabor, axsctnecs
sn'T influenced due to aspansive romber of pictunes. This pagss axplains
endeavor [o lncation & ammwumm Broposed
strategry comprises of two pericd bo be specific plcture diviskon and
clagsification. 'Within the to bagin with arrange, gothen the highli ghts related
o MAI pictures utikzing diviskn [2]. For Sragmrssnting we'll utilize binasd zation
technique:. Bace this methods, we will separabe the abnonmal secticn of the
imaes and other stage, the dassifier = dassified images wsing Convolational
Maural Network (CNN) dassifer. This process i also called pixel-keval
clagsification. That is, dividing an image inbo mltiphe segments. Concunming
fo Ehe Pepoet gotten from MCE [nsights and WHO, each year 12 762 peopla
arg influenced by brain tumars [3]. Ancther estimaticn appear that 88,970
individuaks will get an essential brain umor determrinaticn in J0EZ and the
midde 20 at determination for an essential brain temor 5 B0 & ke e
[4]. Latar vk hat appeared that classfication of human beain in (ME]
pCiures 15 conceivable through directsd procedunes such a5 oountarfeit
gyl systems and bolchor Ypcbor mackhing (VM) and unsucsrvised
classification prooedures such as sef-crganization cutling (SOM} and fuffy c-
mieare, Oiher adminisbensd dassificaticn strategies, sulh o Convsodutonal
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aural Organize (ONN) o be wilzed [0 cssify the normel/pattological MAT
pictures. CHAPTER 3@ METHODOULOGY 1.1 MR Image Datacet This artice wes
Erain MAI images from the Harvaed Medical Schiool oo socess datasel This
datasat consists of brain images annotatad by his Two indepesncdent exparts
o the fedd. The image has miced pised recolutions. Tn thic aticle, 3 sample
off 253 brain MAT images (155 poaitive, 98 negative) was acquired reswlting in
253 samphs Images. Heght or width with a rescluticn of 250 x 250, a] Tumos
positive b) Tumor negative Figure 1@ MR image dataset ssmphks 3.2
Mathodology Stricture Figune 2: Resesrch Methodology 3.3 Image Pre-
Processing Therapeutic pictune irrsestigation nun into B pre-peocessing,
since of the commotion might be incheded [o the MS pichures i
gadgets. This sbudy &5 utlized picbure snhancamant, piciure resizing, Fictune
aisymantation, picure segmentation, 3.3.1 Image Enhancemant Foume
enfanCement s & pechsne praparing strategy to extend workdwice diffenesnt abe
of & picture utilizing the picture escalated histogram. This strategy reeds ne
paramater, bt it some of the tirs: comaes about B an wnnabural koo ng
il Tha mejor Esue within prepare of discoysery of border of tumor is that
thia tumor shirs up excepticnally dim on the picbune that & exoeptionaly
confounding o haey. To fathom that issue, Histogram Equalizabisn has wsed
on pichure, which progress diferentiate of HRI picbune to maks strides
attribute [5]. 3.3.1.1 Histogram Equalizabion To bagin with pormalize the
escalated values bobwesn 0 to L. Hap the concontrated vakies amploying a

monotonically.

= (L-L) midmlf 7 BN = O, 1, L] = (L LVHN nel e [2}
Whisra, k=
Trarsfurmation function. I.Is'm e H'ﬂmm EEH:HI:MH. Eranshom the

ML with Inl.-nl sl-: in tha it Imag T&]. _'i 3_2 Imagi
Rasizing Image resizing &5 an imporant preprocessing sten in compter
wision. Our masching |asming models typlcally train faster on smaler |mages
Additicnally, many Jesn Maming teddel designs reguine it the photos D
thi sxmo Sine, &wan i the raw images collactod are of dfferent soc. All

photos must b scaled to 2500250 before Teading to the TN, a5 the naural
netmork Pequines the sams input size. The kss shrinkage required, the arger
tha fxed size. Lecs shrinkage maans kss distortion of image Saturs and
pattems. 3.3.3 Image Algmentation [mags augmentation may b a strategy
of aRering exksting
demonsirate prepaning handke. In obher words, | i the methed of
misleadingly expanding the dataset accessible for profound earming
demanstrats preparing. IMage SUgmentaton i a technique for expanding &
data collection amifically. This is usafsl whan daaling with a dats collection
that has cinly & few data semphkes. This 5 & tarnibde ciroumatanos i Desp
Laarning &ince the miodel tands to oves-Mt wihen we traen it on 2 small nomibaer
of dats samples. We genarated peskive LDES and 980 negative images by
augmentatin frum 155 posithee and 38 negative images. 3.3.4 Image
Segmantation Ons of th MoST imEortant operakbione in compuber viskon &

s on.

chisterad Togathes and kecabed B the samia obieot clacs. This Dreparathen &
Az calked piosl -lewed Classification. Inother words, the image (or video
frams) must be spiit into meitiphe fragments or objects. For sactioning wa 2
going wiilize binarkation techrbgue. Image bingrization i ublized 3 one-
procestor which changes oves gQrayy Scalo pichung in to o twofold pichune [
githver dark of white) Case on & Taw @308 eEbesm. The only threshalding
strategias supplant aach pieal in an pechung with & dark pexal in the avant that
tha picture concenbabed 6] is st than a fow setthed steady T (that's 0i,j <
Th, or 3 wiite pined in the owend that the pioure concentrabed i mone
[oiminent than that consistent. There was a swell utilized for seomentation

S okl
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work 5 given by, Shom T {rk] = (Lo 1] Pé=0r [r 1]

.I‘I:-lﬂ.m_lﬂ].il.l;.i_'ﬂkﬂ.mﬂ.uﬂh_ﬁ]:tﬂ]-

PICIUNEs in arrange I CreMEe @xtra information for the

is the aliocation of parts of an image that are
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Bt £ Is most reaconabke [or the show apedication in arange fo discoeer
a binarized pechoans with gray level | speaking to the tumor locale and gray
lavgl 0 spaaking o [he rear [7]- Egure 3: Brain tumer Seqmaented [Mane
3.1.5 Featurs Extracton Working with axparcive suims of information in
mniaching learming can b o dull sssigrenent. [t @kes 2 pontless sum ool Hme
and capacity and a part of the input information is Srequently repetitivae.
Usually wihesne feafure axbraction oomies in. Dnclude axbraction may e a
procedune utilized to diminish a laege input information set into pertinent
Fighlights. Typically done with dimansionality diminshmant to consert
expansive input informraticn into Bttler, significant bunchess for Faend ing.
Banefits Feature extraction n dEmonstrate supDortive whan praparing a
miaching learming demonstrate. [T leads to: A Booat @ training speed 7 An
improvamant in meodel accuracy 7 Ovarfitting risk reduction. 7 Improsed Data
VEualzation. 7 [ncrease in axplain abiity of cur modal. GLCH matrix
highfights are used o distinguich Detvwean bypical and sbrrmal Brain
fumess. GLOM is Gray Ll Co-ocowrvance Grid (GLCH], also known &6 Gray
Loved Spatal Matric, & GULH 15 2 matrix whose DMUMD of foms and COUMEG
wpuals the numbesr off gray beeals in the image [B]. Gray lovel Co-Ooodimanos
mairix [GLCHY: & grayecale Qo-ooCurTencs mairis [GLCMD & ascentially a
tmo-dimensicral histogram. The GLCM strabegy fakes into account spatial
rnil'ﬂmshu babwesn pixels of dferent gray levels. This strategy computes
GILCM by caboulating P regadarly & piael with o givesn concentration | ooours
relative bo gnofher pised ot 3 given discrete d and inbroduction ﬂ.._':n_
COrurmeEnce nebworks can be recognized by thair relative frequencies P [, | d,
2. The op-Conpmenie nebwork |5 therafor the tack Of removing 1, the poaint
8, ard tha dimenseinal scakes | and §. [9]. Testure Features: Surface
Figilights utikzed within the irestgaton and slecdation of picture.
‘Whaneas the gray-level coroocurmernoe Traamesork [ GLOM) IS Qe bed,
oontaingd {extures can bi properly computed from a grayscals Lo-
corurmence nabwork (GLCML. GLOM i estracted from aach image. Co-
dagrees . The folloming measurable suface highlights are computed: 1]
Enfrogy - maaneas Che arbibrarinecs Chat Can Do used bo draractenze the
surfaca of the input image. Entropy is whan all Fij are 0. Entropy = = pé =
qum: B 0.3 2] Redationshin - The degras to which a pixel & related to its
aCross the Bmage, run [-1 1]. The cormelation & L oF -1 for parfactly
enfanced o unfavorably connecied images. Relatin = g=ji- jp (.00 ot d
..[4] 3] Erergy — Reburrs the sem of the sguared componants in the GLCH,
Run[Q 1], For g consistent image, the goargy i L Vitlioy = @, {0, [)Z.- (5}
4] Homogeneity - dstribution of components within the GLCM and spatial
prodimity across the GLOM o measune Range [0 1] for adge-bo-edge GLCH,
wniformity 5 1. Uniformity = (4001 é=i (4. ... (&) 5] Cifferantial - The degres
of cantrafized differsntiation betwaan the piog and Es neighbors aoroes fhi
image . Diferentiation i for 3 consistent image . O Merential = -0 6,2 p i, ]
{Z) 3.4 Data Split: By the way, the data was past of the intake: S0% of the
informraation for training. 109 of tha information for approval. 10% of the
infosmraadion for tasting. 3.5 Classification In this shedy we proposed a TN
learning design for dassfication, and the dassifesr distinguishes brain tumors
o brasn MRL. Technigues that hares bien proposed o dassify brain mors on
Berain takes after: Step 1: Data acquisition Step 2 Piclure segmiant Step 3:
Exfracting faatur from images Step 40 Oassification using CHN Oassification
st mazthiced of assigning cowrses bo Specific tists based on informatisn
gathared by dassifiers during preparation. Ibs job is to podnt the bnput design
addresced by the vechor o cne of a number of predefined dasses. [n this
arthohe, vl wsa 3 CHMN dassfiesr to classily MAT images of the beain babween
Feal vy o bamior brasn, [n this artechs we will uss mainly CHN Algoeitim.
Figure 4: CHN frchifecture 3.5.1 Architeciure Overview: Each gt xximaga]
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cnivtaing the form (240, 240, 3) gnd is incerted info the neural aray. A0d
than go through the nest layes Jerc-les laer with pool ectimates of (2, 2.
EZ-chanmnal fonsobitional lawese. The channal actimate & (7, 7) and the walkc
Ebraak aven i bo 1. A group nonmalzation layesr ohat normralizes piadl valkues
m_wmrmtm Byer e pooling Ever with T=4
e S=d, Mo pooling ke with F=q and =4 &5 bafore. Lineasization plang
for Endarizing a 30 grid inte & 10 vector. & thick [viked wunit] layer perfectly
associabed with neurons with sigmoidal nons. 3.5.2 Winy this architectuna? In
gneral, CHMs tend b0 be mmore povastiul and accurate mathods for solving
dﬂﬂl‘lcadm prn bibasis. mmrﬁ:lrrm-ﬂmnpi lum-n-pwrlh

i'll'n:-rrmd-nn lunﬂ mwﬂt I:rl'-:nur:-n inpl:in-; nndunqn- Mrr-r-;‘h:um
models uSing Information Jugmantaticn yields axcalknt reoults. Howaer, 1
e hi prepaeatcn on computers with Emited hardwane resources.
Trwsrafore, computational complexity and mesmory Bmitations had © ba
considersd. CHAFTER 4: ANALYSIS B PERFORMANCE 4.1 Vakdaticen: Modal
walidation is a3 mathoed of evalurting a prepaned demnsbration using a sat of
st informatice:n. The test data set could e split packets of the same sat of
informration from which the preparation set i persuaded. The most reason of
utilizing thie testing indonmation 5T is b Tes? the ganeralzation capaciy of a
prapared show. Demorstrabe approwal is canriod out amer demonstrate
praparing. Figur 5: Trasndng and vall dation koes This plot x-axis & for epoch
and yeamis for performance fabe ot every epoche Yellow ook shows vakdabon
loss and gresnich color shows training bosc. This plot Bustrabes Some
pasTormranoe measune validation for the model. It shows that loss and
walkdation ame used o ewaluate the model. The mrecckell achiesead the perecs kon
of 94%, 98% for Class negative and pocitive respectively that show in the
it chaptiar. Thi mosdel wias trasnad for 34 epochs and these are the loes
plots. W can ek that meore apodch prosduce: o kst validation loss, Owr
mithod is very data intensive algosithm. That's why its produce ess loss with
IMOnE AMNOtLKE dat wWith mone ehoch. 4.2 ACCUracy: ACCLERCY S one Mt
for asessing dassifcation modets. Casually, axactness & the division of
forecasts our show gob Fight. Formially, axactnecs has the taking after
delnition: EXainecs = Mumibesr of adjust swpactathone Add up o nasmber of
pradictions. Figure & Traming and vakdabion acourdoy This plol x-aes & o
wpoch and y-axks for pesfomranoe rate o every epoch. Yellow color shioms
walidation accuracy and graanish color shows trasning aoosracy. Tha most
wsicallent validation precicion was accomplshed on the 23nd Eeration. The
Sessigresd architecturg or Pramrswork i3 aks0 analyvrad with respect Ig
Shmiiilartion enwirGnmant parameters and mabrics. Sensithity and specificty
deling (e rumber of CoMRCTly COTTERd DIMDT araa paeis. and precksion
dafrass Bhie total membar of tumor 3nd Non-tumor pleels Sorurabely datecbed

i tha firgd segmanted brain image of the tumor anea. T do. ACCUFICY
delines wil-detected non-tumor pioes and disc similarity indax indcates the
ot resnbar of Sinilar Cume-datected piwals Including the ground tnich
image. All Fese parMelers 3 Maasunid in pencsnt and vary Snom 0.1 to
1.0. CHAPTER 5: RESULT & DISCUSSION 5.1 Rasult Mow, the best parforming
modad & wihich parform best on test set. Our moded detects brabn tumor wiih:
97. 3% acouracy on Eho test sot, 0.96 [ poore on [ (25T sof. Above resuls
&g impressive that the data i not 2o rich. Result ara givesn bakow: Validation
S0t Tesi sat Accuracy &3.6% 97.3% Fl score 0UBE 0,96 Thee meithod proposed
i this amicle IS simulated wsing 3 notebook with python anvironment wWith 2

15GE memory and a 3.6GHz CPU. This developed framework is evaluated in
tmrme off clacsification rabe, whach ic the rvt befwgen oormactly mmg'-md

cla-::-uﬁn-s I5-5 b':nn Hh] |m.:|gns ixs rq:-rmd. lmwnpadum-nn ntm:l'
97.3%. This Sramewori alss classified 105 brain MR Images a5 abaoerad
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against 102, receving 3 clscificatisn rate of 9% for tha altencamral categony.
Tresrafiora, this framework basad on the CHN approach BChisses an Jverage
detecting rate of 97.3%. 5.2 Comparing Aesul with other algorithem: Figune
7! Different algorithem parformancs We can see that CNN parform supanior
over NN, ENN, and Decision Tree. CNN perfonm better when we hawe big
datasat to find tumor oell. Our model produce The F1 scone s definad as the
Faroine. maan of precision and recall 098 that & very good perform
comparing to other cthars mesdel. Ovierall accuracy is mons than 97% for
positive and 97.3% for negative tumor ol detaction. 5.3 Déscussion A CMN i5
proposed in this framaswsork to identify umor-afscted images. CHN
archRectung i deswgned with convolutional lavers and pooling lavers by BN,
Mairal network algonthms generate cuiput pattenne for eiifer tumer-
mmmumﬂm Horphological segmeniation
methods, Inceding dilation foliowed by enccion in neoplactc brain Emages,
arg than ussed to kbentify neoplactic pixgls, The proposed method i tested on
train MR images aoguinad fronm ofn-Soress datacets. The parfonmanog of
W Interms of Classifcation rabe. Sonaiivity,
specificity and accursoy. Thi proposad Brsin Pumor dabotinn Sohiads M
Saiod dassfealion goourncy of 8% His, with & sengifivils of 97. 2%, a
spedificity of 58.9% and a3 tumor segmentation resul of S8 5%, Additkoradly,
diagnostics are purl:um'md |.ﬁn-;|1:r-l:'_HH archibechure THe rvdfane diaonosls
rate using th proposed CHN framework 5 about 97. 7%, Tumor regions in
tharmally scanned brain images ame dentified as promicing regione.
CHAFTER &: CIONCLUSION Fhypsically |ocabion of Grain fumor ISnT as ©wens &
long prepare but moracver the sictory rate depends on tha individual wha is
daoing it adjacent T, projramimed approsches ks less Bme but comge ses
off N ous Complas approsches. This inquine About mot 35 | wene oonbnacis
dowin the approeches which diminish the times but morso v gives tha higher
prRcishon CmEaing to obhers. AS early location of tumor s exceptionally
imperatv for 3 bradn tumesr understanding, this investigate will halp the
pathologists to distinguish brain tumor maee rapidly sith higher precision. But
it is still conceisable o esfend the exaciness rate and subseguently thera's
still scops to work with brasn twmor MEL gray-scale pectunas. On the off
chanoe that pichure quality remaine comparative Tor diverse recaanch Pacibitkes
and spacialists intra and inbers obsarvation inconstancy Eoues can b
inimized ab that podnk in future i be possibbe to ewtend the precicion Fabe.
T this cincunretance e a5 it were parameter will néad o ba cabbrated & the
el hocaka ragion in pieeks wihich Falls in babwesn [200-20000). Parsphraced
Tast The oropoead brgin tumod deteciion Sohicees an Jueras Jassfcation
accuracy of 97.3% wikth 2 sencitivity of 97.2%, 3 spacifcity of 98% and X
e segmantation result of 98.5%. Additonally, disgnostics e performed
using tha ONN architecture. LBF features along with GLCH 2 weed in this
a0 for pumor disonogic. The averags Saqmocs raie using the
proposed CHM framesork S about 97.3%. Tumor regicrs in Hheemmadly
soanned Din imgges are pderntified as promesing negions. CHAFTER 7:
FUTURE WORK [n this papar we propossd an effective echnigue which
combings the Histogram equalization to oassify the bradn MRS into Mol
and dangencas biain tumoers. Tha new methoedoiogy dasign take after Neurad
Matwork with mom lawesr achitecure but reguines more handwam
spicifications and takes 2 halpful tirs: of handling for huge estimats pchunas
Thi great comes bt aocomplisheed utilizing the DWT seam be employsd
wiith tha CHN within the fubune and compare the eselts. 3 3456 7ES 10
1112131415617 LE 19 21031 32
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Student Portal
Student Dashboard

& . Mahamodu Hasan (171-35-2084)
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Logout

325,00

Total Due

5808,775.00

Total Paid

5808,750.00

Total Payable

Payment Scheme
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