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Abstract

Identifying brain tumors precisely within the early stage is still a challenging prob-
lem for the medical sector consistent with recent research. In a previous research
approved by Cancer.Net Editorial Board, it was observed that this year, approxi-
mately twenty four thousand five hundred thirty adults will be detected with initial
stage cancer tumors of the brain and spinal cord in the United States. So, a de-
veloped technology is required to identify this tumor in an early stage to increase
the survival rate from this disease. To overcome this problem, many Deep Learning
models like CNN (Convolutional Neural Network), LSTM(Long-Short Term Mem-
ory) were proposed to detect tumor areas in the primary stage through segmentation
and classification in previous research. In our proposed paper, we will attempt to
use combination of Res-Unet and Unet model to perform segmentation on brain
MRI images. So, basically, our target will be to take brain MRI images as input
data and after that, we will try to fit the combination of Unet and Res-Unet model
on the dataset to perform segmentation to compare the result with other proposed
models to get better result.

Keywords: Brain tumor; Deep Learning; CNN; LSTM; Segmentation; Res-Unet;
Unet; Data train-test; Comparison; Result analysis.
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Chapter 1

Introduction

The brain is one of the most complicated organs in the human body. It includes
about 100 billion brain cells called neurons which are the human body’s primary
information processing unit, while gila refers to non-neuronal cells that protects and
supports the neurons [1]. Uncontrolled development of the human brain cells causes
tumors that might be benign or malignant. Benign tumors are considered less harm-
ful as they are non cancerous tumors. They are slow-growing and rarely spread to
other regions of the body. Malignant tumors, on the other hand, are extremely dan-
gerous since they are cancerous and rapidly growing tumors. They have a tendency
to spread throughout the tumor-affected area’s surrounding tissues. Some brain tu-
mors start in the brain called primary tumor whereas others start in other regions of
the body and spread throughout the body, including to the brain.They are referred
to as secondary tumors. Those who have a family history of cancer are more likely to
get a secondary tumor. However, the causes of primary tumors are still unclear [2].
Both types of brain tumors can cause different symptoms depending on which area
of the brain is affected. In order to determine the type of tumor and the affected
area of the body, medical professionals use a variety of tests and imaging methods.

Different imaging methods, such as MRI and CT scan, are utilized to diagnose brain
tumors. However, the use of magnetic resonance imaging (MRI) is very common
to aid in diagnosis of brain tumors. MRI helps to distinguish between normal and
tumor affected areas of the brain since the scan focuses on those specific areas,
making it easier to identify tumor-affected areas. MRI is an image processing tech-
nique which was previously known as NMR( Nuclear Magnetic Resonance). A heavy
magnetic field and radio waves are used in MRI to generate accurate pictures of the
organs and tissues within the body. Basically, it works with strong radiology and
magnetic fields which can pass through tissue cells and helps to identify any kind
of unwanted cell’s growth. In this technique, at first with the help of a radio pulse
with proper frequency, we select a particular area of the body and pass the radio
frequency and create a magnetic field which can easily find any kind of abnormal-
ity inside that selected area. That’s why it has become nowadays a revolutionary
technique in the medical field to detect health diseases to control it in the primary
stage [3].

Brain tumors grow fast in the human body and can spread throughout the body,
affecting other organs. Thus, the tumor must be detected as quickly as possible.
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In this case, computerized brain tumor segmentation is essential to track tumor
progression in the affected area. Brain tumor segmentation is a process of distin-
guishing and extracting the tumor from normal brain tissues. It is considered one
of the most significant and tough processes in many medical-image applications
since it generally includes a large quantity of data. The brain tumor segmentation
process finds out where active tumorous tissue (vascularized or not), necrotic tis-
sue and edema are located and how far they extend (swelling near the tumor) and
this is done by comparing aberrant tissue to normal tissue after finding aberrant
spots [4]. Brain tumor segmentation is an important step in the diagnosis of brain
tumors since it allows for more precise and faster detection of tumorous cells. In
the previous studies various approaches was offered for this purpose. But, deep
learning-based frameworks have recently received a lot of attention, as they can
reach state-of-the-art outcomes. They have also proven to be highly efficient than
other traditional models when it comes to feature extraction, processing and ana-
lyzing huge amounts of MRI data [5]. Deep learning based Convolutional neural
networks (CNNs), have acquired a lot of popularity in image processing and seg-
mentation. CNN is made up of numerous layers of artificial neurons that reduces
complexity of the data leading to less computation with more accuracy [6]. CNN
is best suited to situations where the network must deal with a significant amount
of data. In brain tumor segmentation a large amount of image-based data is em-
ployed to obtain more accurate and superior performance, which is why CNN is the
best choice in this case. CNN-based various deep learning approaches like Alexnet,
Googlenet, VGG-16,Unet, Resnet were used in many researches for their successful
and accurate results in brain tumor segmentation and classification. Among them
Unet is primarily introduced in [7] to deal with biomedical images for not only to
classify whether there is an infection but also to identify the location of the disease.
The Unet used two tracks consisting of encoder and decoder to tackle the problem
of class imbalance in brain tumor segmentation [8]. Later on, Residual block of
the ResNet network is combined with Unet to pass adequate relevant information
through the network and to overcome the gradient loss problem that other con-
volution models suffer from.The Residual based Unet was first introduced by the
author et al. in [9] for the extraction of roads from aerial images. After that, it is
used with various networks in various sectors of research. Recently, it has also been
used for various medical image segmentation of tumor, heart, liver and skin diseases.

Both Unet and ResUnet not only have acquired success in brain tumor segmentation
but also are used in other various sectors of research. In the paper [10], in order
to identify various ophthalmological disorders such as diabetes, microaneurysms,
arteriosclerosis and hypertension, a Chain Unet with residual Unet is employed for
blood vessel segmentation. Moreover, besides brain tumor segmentation, ResUnet
and Unet based models achieved tremendous success in segmentation and classifi-
cation of liver tumors. A dice coefficient of 96 percent is achieved using a ResUnet
based model for liver tumor segmentation in the paper [11]. In another research
[12], an Unet model with residual attention was tested on MICCAI 2017 data and
proved to be very efficient for liver tumor segmentation. According to the author et
al., the methodology has significant potential to be applied to other medical fields.
Moreover, since tumor segmentation of the thyroid ultrasound images is complicated
due to the image’s low resolution, a Unet-based framework was used to achieve high
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accuracy and performance in the segmentation [13]. In recent years Unet and Resid-
ual Unet have been employed in a variety of medical fields, along with brain tumor,
to achieve more precise and accurate results.

After researching various papers with various models of brain tumor segmentation
and classification, we came to an conclusion that the crucial and first step of tumor
detection is to distinguish the tumor cells from the brain cell by image segmentation
to analyze the tumor growth and to classify the tumor type in order to start appro-
priate diagnosis according to the segmentation reports. We also understood that for
getting results with more accuracy with less amount of data loss, model selection is
the most important step. Time is also very important factor in case of identification
of tumorous area as some tumor can spread from the brain to all over the body
in a very less time. That is why, getting the results in less amount of time is also
important. The goal of this research is to accurately segment brain tumor cells by
evaluating the proposed Residual Unet model on the BraTS2020 dataset [14] [15]
[16] in less amount of time. We’ve performed a combined Unet and Res-Unet model
in our dataset to identify the best accuracy with less data loss to make our model
more effective for detecting tumors on the initial stage of it.
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Chapter 2

Literature Review

2.1 Literature Review

The paper [17] proposes an automated and modified UNet based deep Convolution
neural network to detect the brain tumour more precisely and accurately and also
obtained mean dice score of 0.783, 0.868 and 0.805 for enhancing tumor, whole
tumor and tumor core respectively after implementation is done on BraTS’2018
training and validation dataset. The model includes a contracting path at the left
side and an expanding path at the right side. Other paths are made up of three
pre-activated residual blocks, with an extra residual unit serving as a link between
them. In all, there are 7 residual models, 25 CNN layers and 15 BN layers in the
model. According to the author, the suggested model can produce promising and
objective findings that are comparable to manual segmentation results produced by
experienced neuro-radiologists.

The network of Separable 3D UNet with separable 3D convolution for automated
and more accurate brain tumor segmentation is presented in the paper [18]. In the
S3D CNN network, one 2D convolution is used to learn spatial characteristics while
one 1D convolution is used to learn temporal features. The R3D UNet network
including a contracting path as encoder and expanding path as decoder. The con-
tract path contains five layers and employs downsampling to reduce the amount of
the input data whereas the extended path employs upsampling to restore the data’s
original resolution. On the training data of Brats2018, the proposed model achieved
dice scores of 74.93 percent, 89.35 percent and 83.09 percent and on the testing
dataset of BRATS2018, it achieved dice scores of 68.94, 83.89 and 78.34 percent for
enhancing tumor, whole tumor and tumor core, discretely.

The ContextNet model suggested in the paper [19] is depends on two networks:3D
UNet and Residual UNet. To avoid over-parameterization and poor convergence
rates, the model employs a residual block based 3D UNet architecture with a Global
Planar Convolution module. The model contains residual layers in each layer with
additional residual layers after each GPC module, as well as upsampling and down-
sampling layers and a skip connection, similar to the UNet architecture. On the
BraTS 2018 validation and test dataset, the proposed model received dice-scores of
75.2 percent, 89.7 percent and 79.7 percent for Enhancing Tumor, Whole Tumor
and Tumor Core, respectively.
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The fully convolutional architecture based deep learning approaches have been pro-
posed in the paper [20]. The model is developed with a 3D UNet along with a skip
residual connection. The UNet network is made up of four upsampling modules that
act as encoders to reduce the size of the input image, resulting in the loss of spatial
information which is later recovered by four downsampling modules. The downsam-
pling module acts as a decoder, restoring the input data’s original resolution. In
order to provide adequate relevant information on the network, residual skip connec-
tions are used to integrate feature maps of the corresponding encoder and decoder
layers. After performing the experiment, the author concluded that novel training
techniques and processes had a greater chance of improving performance than the
traditional UNet model and also achieve high mean dice scores of 0.697, 0.828, 0.77
along with Hausdorff95 distances of 25.56, 14.64, 26.69 for enhancing tumor, whole
tumor and tumor core, respectively.

A deep residual encoder-decoder CNN included Squeeze-and-Excitation block is in-
troduced in the paper [21] for automatic brain tumour segmentation. The model
is basically built based on a 3D ResNet network with encoder decoder, 4 residual
blocks and four max pooling layers. After each residual block, SE blocks are added,
allowing the picture characteristics to be fully exploited while avoiding the unneces-
sary information and features. The model is trained and tested on the BraTS2019
dataset and achieved dice scores of 0.70, 0.85 and 0.80 for WT, TC, ET respectively.
After adopting 2D,2.5D and 3D CNN models, the research suggested that 3D gives
better outcomes and adding SE blocks can enhance the model’s performance in iden-
tification and segmentation of brain tumors.

The paper [22] proposes a DRRnet network based on the UNet that consists of
encoder adaptation blocks, decoder fusion blocks, refine blocks and residual based
ResNeXt blocks. The paper has employed the dense based fusion block to increase
performance while also reducing computational load. Besides, a 3D form of ResNeXt
is utilized in terms of increasing cardinality and making full use of volume images.
The author et al. stated that the proposed model is optimized using the BraTs2015
dataset, resulting in dice scores of 0.84, 0.72 and 0.62 for whole tumor, tumor core
and enhancing tumor, respectively. However, excessive segmentation is mentioned
as a model flaw in the study which will be corrected in future by pre and post pro-
cessing.

As other traditional convolutional and deep learning networks cause gradient loss
which decreases brain tumor segmentation performance and accuracy. In order to
solve this issue, a deep residual network based approach is used in the paper [23]. As
the Residual network uses shortcut connections and identity connections to the net-
work, gradients can easily flow back which prevents gradients from vanishing. The
model is optimized on BraTS2015 dataset and after comparing the performance re-
sults of the method with CNN, UNet and UNet-res, the authors determined that
the proposed model outperformed them all, with an accuracy rate of 83 percent,
90percent and 85 percentfor the complete, core and enhancing regions, respectively.
In terms of computing time, the paper showed that CNN, UNet, UNet-res and the
resNet model took 156, 354, 280 and 62 minutes, respectively, implying that the
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model is three times faster than other networks.

Aboelenein et al. [24] introduced Hybrid two track based UNet model that performs
significantly better in brain tumor segmentation than traditional UNet and other
networks, which might be very helpful in reducing diagnostic time. The UNet model
with two tracks is used to tackle the problem of class imbalance in brain tumor seg-
mentation. Each of the two tracks is made up of encoders and decoders, similar
to the traditional UNet which contained convolutional, max-pooling and deconvo-
lutional layers. Moreover, a hybrid loss function consists of the Focal Loss function
and the Generalized Dice Loss is introduced to reduce the imbalance rate while
also improving the model’s accuracy and performance rate. After validating the
model on BraTS2018 testing and training dataset and comparing the results with
other approaches the paper [24] suggested that the proposed model outperforms
other networks with a mean Dice coefficient of 0.745, 0.808, 0.865 and a median
Dice coefficient of 0.815, 0.895, 0.883 for the enhancing region, core and whole tu-
mor,respectively.

In the paper [25], the model ResUNet-a,a Residual based UNet, is introduced for se-
mantic segmentation of images which is assessed on the ISPRS 2D Potsdam dataset
is evaluated on the ISPRS 2D Potsdam dataset, achieving an average F1 score of
92.9 percent. The traditional Convolutional Layer based model and UNet has the
problem of gradient exploding and vanishing. In the model, the traditional UNet ar-
chitecture is modified by adding a residual block to solve the gradient loss problem.
Moreover, a novel variant loss function of dice loss named Tanimoto is introduced
in the research paper [25] for getting better result for the speed and performance of
the semantic segmentation.

In place of, first order features the paper [26] has used second order modules and
residual block based UNet end-to-end model for automatic brain tumor segmenta-
tion. The second order features will increase non-linearity and model convergence
speed by replacing skip connections of the traditional UNet network. Vanishing
gradient is always a crucial problem of convolutional networks. Thus the author et
al. used residual blocks in the downsampling part of UNet to prevent the gradient
from vanishing and to accelerate network fusion. Moreover, to resolve the issue of
class disproportion, a combination of generalized dice loss and weighted cross en-
tropy loss function is utilized in the model. After evaluating the proposed model on
both BraTS2018 and BraTS2019 dataset, BraTS2018 achieved a mean dice of 0.873
for whole, 0.808 for core and 0.766 for enhancing tumor while BraTS2019 achieved
0.876 for Whole 0.782 core, 0.717 for enhancing tumor suggesting that the proposed
model outperformed the traditional UNet and ResUNet models.

For the volumetric brain tumor image segmentation, the paper [27] proposed a
VoxResNet model consisting of VoxRes blocks including 25 volumetric convolu-
tional layers and 4 deconvolutional layers in total. The Voxres block consists of
batch normalization, convolutional layers, Relu activation function along with a
skip connection from input to output. The batch normalization boosted acceler-
ation and model performance by enclosing additional contextual information for
enhancing discrimination capacity. In addition, the convolutional layers lowered in-
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put resolution, increasing the field size capacity of the network.After conducting the
experiment using MICCAI MRBrainS challenge data, the paper [27] concludes that
the proposed model comparatively performed better than other deep learning based
models.

A model is introduced to automatically segment the Covid-16 chest CT scan im-
age. The model is an upgraded UNet model that includes aggregated ResNetXT
blocks as well as an attention network to enhance the performance and efficiency of
the UNet network. The encoder uses convolutional layers whereas the decoder uses
non-convolutional layers to do upsampling and downsampling. Furthermore, an at-
tention mechanism is utilized to collect complicated characteristics of the image in
order to more precisely differentiate the distinct infection areas of the lung infected
by COVID-19. ResNetXt is used instead of a typical ResNet block to minimize
the layers number of the model. When compared to U-Net and other models, the
suggested technique achieved a 10 percent improvement in multi-class segmentation,
according to the author et al. [28].

For colorectal cancer segmentation, the AtResUNet model is proposed in the re-
search paper [29]. The model used UNet as base added with an atrous convolutions
and residual connection. UNet is the main architecture of the model and series
Atrous Convolutions are included for feature extraction purposes. Furthermore, the
Residual network’s skip connection facilitates the transmission of sufficient relevant
information across the network, ensuring that model performance is improved. The
model is assessed based on the DigestPath 2019 Challenge dataset achieving a Dice
Coefficient of 0.748. After comparing the results of the model with other deep
learning models, the paper suggested that the proposed model has more accuracy
compared to other models. The model accrues accuracy near 80 percent which is less
than 90 percent and still it is not good enough to segment cancerous areas perfectly
and precisely.

In a recent publication [30], it had been identified that they’ve proposed the LSTM-
MA method for brain image segmentation which deals with pixel-wise, superpixel-
wise constraint as well. But, after an experimental demonstration, it was found
that, in comparison to superpixel-wise constraint, a pixel-wise constraint can give
more accuracy during segmentation of a brain image.

Because of limited tissue contrast in tumor sub-regions, automatic segmentation of
brain tumors is a difficult task for computer-aided diagnosis. To address this issue,
the author et al. [31] suggested a pixel-based technique based on a convolutional
3D to 2D MR patch conversion model which transforms 3D patches into 2D patches
after extracting 3D patches from an MRI image and then feeds the 2D patches into
2D kernels for final prediction. Here, both local-inter and global-intra slices are
utilized to estimate the class label of the central voxel using a 2D CNN classifier.

The research work [32] proposes a hybrid approach using neutrophils and the Con-
vulsive Neural Network (NS-CNN) to classify tumor regions as benign and malig-
nant. In the proposed method MRI images were segmented using the NS-EMFSE
approach. Alexnet then retrieved the features of the segmented pictures from CNN
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architectures which were subsequently categorized using SVM and KNN classifiers in
the classification step. The neutrosophic set – expert maximum fuzzy-sure entropy
(NS-EMFSE) approach is used to preprocess the MRI image (T1-GD sequence) and
transform the filtered image into a binary before submitting it to the KNN and SVM
classifier for segmentation.

After comparing the result of the suggested method with the SVM and KNN classifi-
cations, the author et al. [33] determined that the proposed strategy surpassed them
all, with an accuracy rate of 99.1 percent in liver tumor classification and 98.6 per-
cent in brain tumor classification. The paper presents a CNN–DWT–LSTM method
to classify the computed tomography (CT) images of livers with tumors as benign
or malignant and to classify the magnetic resonance (MR) images of brains with
tumors as meningioma, glioma and pituitary.In the model, CNN is used to obtain
the image’s feature vector, then DWT is used to transform the feature vector into
a more elaborated, reduced and stronger signal, as well as to detect signal discon-
tinuities and finally, LSTM is used to disassemble the signal and predict a class label.

A customized CNN architecture is used in the paper [34] to classify HRCT lung
image patches of ILD patterns. A fully automatic neural-based machine learning
framework is designed to extract discriminative features from training data while
also performing classification. In the method, image feature extraction is done using
convolution and the pooling layer is used for feature dimension reduction. In image
classification tasks, one or more 2D matrices are treated as the input to the convo-
lutional layer and multiple 2D matrices are generated as the output. The pooling
layer plays an important role in CNN for feature dimension reduction. The publicly
available ILD database contains 113 sets of HRCT images are used for evolution to
state that the CNN method achieved the best classification performance in compar-
ison to other three approaches (1) SIFT feature with keypoint located at the patch
center; (2) rotation-invariant LBP feature with three resolutions and (3) unsuper-
vised feature learning using RBM.

The author et al. [35] proposed a new automated technique for microscopic brain
tumor identification and tumor type classification based on 3D CNN and FNN. The
architecture of a 3D convolutional neural network (CNN) is created to extract brain
tumors before passing the extracted tumors into a pretrained CNN model VGG-
19 for feature extraction. The extracted features are then transferred to CbFNN,
the method of selection depends on correlation for selecting the best features and
finally, these selected features are validated through a feed-forward neural network
(FNN) for final classification. The author et al. [35] evaluated the proposed model
using three BraTS datasets from 2015, 2017 and 2018 and compared the model’s
high accuracy and low error rate to other existing approaches, concluding that the
suggested model outperforms them.

In the research [36], a Deep learning model based on 3D U-nets was built to perform
segmentation of brain tumors using brain-wise normalization and patching proce-
dures, while feature extraction from the estimated tumor label was done to figure
out the overall survival days of patients. Normalization was done for each mobility
in the pre-processing step and then two patch methods were used to make the GPU
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capable of dealing with a large image for further processing. Finally, the suggested
model is used to complete the segmentation task of brain tumors.Following that, the
predicted tumor images would be used to estimate a patient’s overall survival days.

In the paper [37], a Convolutional Neural Networks based approach has been pro-
posed for melanoma classification that can help patients and doctors to be able to
detect or identify skin cancer classes whether it is benign or malignant.During the
preprocessing stage, the images were resized and turned to grayscale to make the
process easier for the CPU. After initializing the images and parameters required
for the system, the photos are input and stored on the system and then the char-
acteristics of the affected skin cells are retrieved after segmenting the images using
the feature extraction approach. Finally, the extracted features are classified using
a deep learning-based Convolutional Neural Network (CNN) classifier. After using
the publicly available data set, the suggested CNN model obtained an accuracy of
89.5 percent and a training accuracy of 93.7percent.

According to [38], in brain tumor segmentation a magnetic resonance imaging (MRI)
based multimodal network, called LSTM multi-modal UNet, consisting of multi-
modal UNet and LSTM, performs better than conventional UNet. In order to prove
the statement, the author also showed a comparison of outcomes between UNet and
the suggested model in terms of dice, Sensitivity and PPV. The proposed model is
used to thoroughly take advantage of the interrelationships between modalities and
the association between sequences.

In the paper [39], the author et al. have used pre-trained VGG-16 for feature extrac-
tion and LSTM for classification. For VGG-16 they have used some common CNN
architectures which show the comparisons between layers, input image dimensions,
parameters and errors. For LSTM classification they have used RNN neural net-
works that can model the temporal dependencies. The dataset that was used was
named BRATS 2015. A total number of 60 cases was used for this model. Their
model has 84 percent accuracy with the VGG-16.

The proposed Convolutional Neural Network (CNN) with Long Short-Term Mem-
ory (LSTM) based modeling is used in the paper [40] to conduct experiments on the
available MNIST dataset and IDC Breast Cancer dataset to show that the suggested
model achieved better outcomes in image classification in compare to other state-
of-the-art classifiers. The images were fed into the LSTM cell after passing through
the input layer, Batch Normalization layer and reshape layer. Then, the output is
transmitted directly to the convolution layer from the LSTM layer for the extraction
of important features. The novel LSTM-CNN based hybrid model has obtained a
training accuracy of 99.8 percent and a validation accuracy of 98.2 percent in the
MNIST dataset as well as training and validation accuracies of 84.5 percent and 85
percent respectively in the IDC dataset.
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2.2 Related Machine Learning Algorithm

i) CNN: Convolutional Neural Network (CNN) is a deep learning-based network
that is commonly used for assessing visual data. To compare with other image
classification algorithms, CNNs utilize preprocessing very minimally since it learns
to improve the filters (or kernels) through automatic learning.

Figure 2.1: CNN Diagram

We can classify convolution neural networks in three steps consisting of an input
layer, a convolution layer and lastly an output layer. The first touch point which
is an input layer performs several tasks for the convolution layer such as padding,
strides. It adds padding around an image so that it doesn’t lose the spatial dimension
of an image. That means pixels are being added when the image is being processed.
Stride is a filter that controls the movement of pixels in an image which shifts pixels
in an input matrix. If the number of specified stride is 3 the filter will move the
pixel 3 unit. After the padding and strides are applied, convolution is the layer that
extracts features from a given input. Convolution then learns from the features that
are extracted from the image to detect the object. The kernel will extract features
from the input layer which contains pixels of an image height and weights. The
kernel then will return the results or outputs which are smaller in dimension [41].
Pooling helps to reduce the image features by downsampling the images. Pooling is
done on individual channels by working only with image dimension and width and
it does not affect the number of channels. There are several Activation functions
which help to decide which information should move forward and which should not.
Activation function can be used at the end of the layer or between two convolution
layers. Activation function can be marked as linear or nonlinear functions. In terms
of performance both linear and non linear gives good performance. We have used
sigmoid and RelU activation functions in our model.
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Besides the input layer and output layer, a convolutional neural network has a hidden
layer that consists of convolution layers, pooling layers, ReLU and fully connected
layers. Before transferring the data to the next layer, the convolution layer performs
a convolution operation on the input. Afterwards, pooling combines the outputs of
multiple clusters of neurons into a single neuron and then each neuron in one layer
is coupled to each neuron in the following layer is fully connected layers [42]. The
architecture of a standard Convolutional Neural Network might be like this:

Input → Convolution → ReLU → Convolution → ReLU v Pooling → ReLU →
Convolution → ReLU → Pooling → Fully Connected.

There are several architectures in the CNN model such as VGG-19, VGG-16, Alexnet,
Googlenet, UNet, Resnet.

ii) UNet: UNet is an architecture of Deep Convolutional Neural Network which
is specially intended for medical image segmentation. The UNet model is gaining
popularity in biological applications since it not only evaluates whether or not there
is an infection but also identifies the disease area. It is named UNet due to its U
shape which contains two sections: the encoder on the left which is composed of the
simple Convolutional process and the decoder on the right, which is composed of
transposed 2D convolutional layers [43]. The encoder, also known as the contractive
route, functions in the same way as a standard Convolutional model consisting of
downsampling steps that double the number of feature channels followed by 3X3
convolution that is applied repeatedly, each followed by ReLU and 2X2 max pool-
ing. On the other hand, the decoder or extensive path consists of upsampling steps
followed by a 2X2 convolution that halves the number of feature channels and two
3x3 convolution layers, each followed by a ReLU. Finally, each 64-component feature
vector is mapped to the required number of classes using 1x1 convolution layer. The
UNet model has 23 convolution layers [7].

Figure 2.2: UNet Model by Olaf Ronneberger et. el.

Here, each blue box represents a multi-channel feature map whereas white boxes
indicate replicated feature maps with the number of channels displayed on top of
each box and the different operations indicated by arrows.

iii) ResUNet: ResUNet is the improved version of UNet with additional residual
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blocks. ResUNet refers to a deep residual Network which is mainly a UNet network
with residual blocks. Basically, Zhengxin Zhang et al. [44] developed ResUNet
for the road extraction from the Road extraction from aerial images. ResUNet
consists of an encoder, a decoder and a bridge connection between the encoder and
decoder just like UNet. Only difference is that instead of max pooling operation,
ResUNet uses a preactivated. Residual block which helps the network to maintain
better flow of data and gradients and also to prevent gradients from vanishing. The
encoder has 3 encoder blocks that are made of residual blocks and the output of the
encoders act as a skip connection for the corresponding decoder blocks. The bridge
is also made from pre-activated residual blocks. The decoder consists of 3 decoder
blocks. The decoder takes features from the bridge and skip connections and after
concatenating the feature maps with the corresponding skip connection it passes
through the residual blocks. Relu activation is used in each encoder and decoder
layers whereas the output of the decoder uses sigmoid as activation function and
passes through the 1x1 convolutional layer.

Figure 2.3: ResUNet Model by Zhengxin Zhang et al.

iv) Residual Block: A skip connection based block is referred as a residual block
in which the output from one layer is taken and appended to another layer further
in the block. The skip connection from input to out works an identity mapping
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in the architecture. Residual blocks take advantage of residual feature mapping
to preserve data and prevent gradient vanishing of image. Multiple convolutional
layers can be skipped at once in the residual block, ensuring gradient transmission to
deep layers. Batch Normalization is another feature of residual block that prevents
gradient disappearing [45].

Figure 2.4: Structure of Residual Block
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Chapter 3

Working Plan

3.1 Research Plan

Figure 3.1: FLOWCHART OF THE RESEARCH PLAN

While starting our research work, we decided to follow the above steps to complete
our work effectively. At first, we will do some preliminary study and literature re-
view to get some better idea about what was done previously in this field related
to our topic. For that, we have to study articles, journals, survey papers, research
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papers, several book chapters and so on. While doing literature review, we will
identify some problems those raised previously during several researches. Some of
them can be found solved later and some of them can be still in processing. As,
we will do several preliminary study so at that time, we will collect data for our
research and after that, will try to analyze those for further processing. Among our
collected data, we will divide those into two portion. 80 percent for training data
and 20 percent for testing data. Then, we will try to develop our proposed model
and after that will start our experiment accordingly. Once our experiment will done,
after that we will analyze the result and at last, will start our paper writing finally.

3.2 Methodology

The principal motivation behind our proposed brain tumor identification utilizing
the convolution neural network (CNN) model is distinguishing brain tumor at the
beginning stage. To do as such, a brain image MRI (Magnetic Resonance Imaging)
will be segmented with the help of combination of Unet and Res-Unet model to get
the desired output data in our proposed model with high accuracy and less data loss
at less number of epoch.

Figure 3.2: BLOCK DIAGRAM OF OUR PROPOSED SYSTEM

The proposed model includes 4 primary stages:

i) Input: The Multi modal Brain Tumor Image Segmentation Benchmark “BRATS
Dataset” (2020) [14] [15] [16] is used as input of the model. The BRATS dataset
contains 3D volume’s, in each volume there are multiple slices of the image. Each
images has a dimension. These image slices are in single channel grey-scale. There
are 249 set on the training dataset and 45 set of the testing dataset. The dataset
also contains survival days for each patients. These MRI 3D images are not in out
traditional image format type rather they are in nifty format. We need to convert
these nifty format in an array so that we can make a good evaluation process for
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our model. The dataset has 4 modalities. Then we will load the 3D volumes using
nibabel function from keras. Nibabel will read the 3D volumes and convert them
into an array. Nibabel converts these 3D slices into 2D slice. Then we can analyze
the shapes of each images.

ii) Data Pre-processing: Pre-processing is the technique which helps to make the
raw data understandable and readable for the model by reducing noise, duplicate
data, handling missing values, moving redundant data and so on, before moving to
the further processing. So, this stage is concerned with resizing and formatting the
input data in a way that makes it easy for further processing to deal with large size
of data set.

Figure 3.3: Pre-processing Data

iii) Segmentation: This stage is concerned with segmenting input data using CNN
based Unet and Res-Unet model. In this stage, the resized and formatted data fed to
the encoding and decoding blocks of the networks for further processing of the input
data. At first, the input passes through the encoding decoding blocks of the Unet
model. And then the output of the Unet model send to the connected ResUnet for
the segmentation. After the input passes through the residual encoder and decoder
blocks of the model, we get the final output of the segmented brain tumor image.
We has further elaborated the process in Chapter 4 and 5.

iv) Output: After the necessary pre-processing and segmentation of the input data,
the segmented processed data is given as output.

16



Chapter 4

Proposed Model

Our proposed U-ResUnet model uses both the Unet and ResUnet model. First
the input goes through the Unet network and the output of the Unet network then
passes to the ResUnet network as input. After the upsampling and downsampling of
the data in the network, it gives 128x128x4 images as final output. At the very first
step, the Unet takes 128x128x2 images as input and after passing all encoding and
decoding layers finally gives the output image. The model follows an encode-decoder
structure where the encoder path is called the contraction path and the decoder path
is called the expansive path. The Unet network consists of 4 encoders, 4 decoders
along with a bridge section that connects the encoder and decoder of the network.
First, the number of channels changes from 1 to 64 because the convolution process
increases the depth of the image. The downward arrow is the max-pooling process
that reduces the size of the image in half consisting of stride 2 for downsampling.
After that, the process is repeated 3 times more. When we reach the bottom there
it contains 2 convolution layers but no max pooling. At the contraction part, we
double the number of feature channels. On the other hand, the expansive part which
is the decoder will increase the size of the image. Increasing the size of an image is
a technique called transposed convolution. After the transposed image is upscaled
from 8x8x512 to 16x16x256. Same as before, we will repeat the step 3 times. After
we reach the top of the Unet architecture, the output image will then again be sent
to the ResUnet as input and the same process will repeat again. But this time the
encoding and decoding is done using a pre-trained residual block. The resUnet ar-
chitecture contains 4 encoders and decoders. First encoder contains the stem block
that consists of 2 conv2D layers, 1 batch normalization and 1 ReLU activation func-
tion. The existing three encoders are made up of residual blocks. Each decoder has
residual blocks and the bridge connection between encoder and decoder is also made
up from residual block. Each pre-trained residual block includes two conv2D along-
side two batch normalization and two activation function ReLU. Residual blocks
contain skip and identity connections that let each gradient flow across the network
more efficiently, reducing gradient and data loss. As gradients can easily flow to the
deep layers of the network, it speeds up network fusion. After the downsampling
and upsampling operation, it gives the 128x128x4 image as the final output of the
proposed model.
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Figure 4.1: U-ResUnet model(Our Proposed Model)
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The network architecture of Unet:

The Unet network of our contains 4 encoders and decoders along with a bridge
connection. The bridge connection connects both the encoder and decoder of the
network. Unet model uses convolution layers and max pooling operation along with
ReLu activation function for the segmentation of the image.

Encoder: In the encoder, there are 4 encoder blocks and each block consists of two
3x3 convolution layers along with activation function ReLU. The input data passes
through the convolution layers and then the output is transmitted to the next en-
coder blocks. The output feature maps of each encoder block also transmits into
the corresponding decoder blocks using skip connections. A 2x2 max pooling layer
is used in each downsampling step to reduce the spatial dimensions and to detect
the maximum amount of the features of the features map of the encoder blocks.
Each downsampling operation doubles the feature channels while halves the spatial
dimensions.

Bridge connection: It connects the encoder and decoder in the network and also
passes the feature maps from the encoder to the decoder.

Decoder: Decoder takes feature maps from the corresponding skip connection and
also from the bridge connection. 4 decoder blocks consisting of 3x3 convolution
layers do the upsampling operation in the model. Every decoder block starts with
an upsampling of the feature maps, followed by a 2x2 transpose convolution layer,
which reduces the number of feature channels in half. After that these feature maps
are concatenated with the skip connection of the appropriate encoder and passes
through two 3x3 convolution layers. After completing all upsampling steps, the fi-
nal output is sent to the connected ResUnet network as an input.

19



Figure 4.2: Unet Model

The network architecture of ResUnet: A ResUnet network that is connected
with the Unet network in our proposed model. We have used the ResUnet archi-
tecture in our model to take the advantage of both ResNet and Unet in order to
get high performance with fewer parameters. The ResUnet of our model involves
4 encoders and decoders along with a bridge connection that connects the encoder
and decoder networks just like the Unet architecture. But the Unet model uses a
convolution layer with a ReLU activation function. Whereas in resUnet these lay-
ers are replaced by the residual blocks that encompasses convolution layers, batch
normalization and ReLU activation function.

Encoder: In the ResUnet, the downsampling operation is done using the encoders.
Pre-activated residual blocks are used to construct four encoder blocks of the model.
The ResUnet takes the output of the connected Unet network as input and then
passes the input through the residual blocks that help the network to learn about
the abstract representation of the input data. After passing the input data through
each layer of the residual block, an identity function adds the input with the cor-
responding output before passing it to the next residual encoder block. The final
feature maps of each encoder are also transmitted to the associated decoder blocks
using skip connections. This skip connection allows data features to be reused while
also stabilizing training and convergence. The 3×3 convolution layers in the second,
third and forth encoder block utilizes a stride of 2 to decrease the spatial dimensions
of the feature maps by half.

Bridge Connection: In the bottom of the ResUnet architecture, a bridge is used
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to connect both encoder and decoder. This bridge is also made from a residual block
that uses a stride of 2.

Decoder: Decoder blocks receive inputs from bridge connections and skip connec-
tions from the corresponding encoder blocks to develop a better semantic represen-
tation of the feature maps that is used to create a segmentation mask. After each
downsampling step, the spatial dimensions of the feature map increases, whereas the
number of feature channels decreases. Upsampling is performed by the 4 decoder
blocks in the network and each decoder block consists of upsampling and residual
blocks. Each decoder block employs 2x2 upsampling, thereby doubling the spatial
dimension of the feature maps and after that these feature maps are concatenated
with the skip connection of the appropriate encoder. This concatenation step aids
the decoder in obtaining the feature mappings learnt by the encoders of the model.
After the concatenation is done, the feature map is then transmitted to the residual
block of the decoder. Finally, the output of the last decoder passes through a 1x1
convolution layer with Sigmoid activation function to get the pixel wise classification
of the model.

Figure 4.3: ResUnet Model
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The network architecture of Residual block: In our model we have used the
pre-trained Residual block, a batch normalization and activation function ReLU is
followed by a 3x3 convolution layer in the residual block. This is again continued
by a batch normalization, ReLU and 3x3 convolution layer. Then an identity con-
nection skips both these layers and adds the input directly with the output of the
corresponding residual block before passing the final output to the next residual
block of the ResUnet’s encoder and decoder. Basically, each layer in the residual
blocks feeds into the following layer and also directly into the layers two or three
steps away via skip connections. This connection prevents gradients from disap-
pearing by stabilizing gradient updates and preserving the gradient in each layer.

Figure 4.4: Residual Block
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Chapter 5

Experimental Setup

5.1 Data Collection

For this experiment, The Multi-modal Brain Tumor Image Segmentation Bench-
mark “BRATS Dataset”(2020) [14] [15] [16] has been used for model training and
testing. This dataset is provided by Medical Image Computing and Computer-
Assisted Interventions( MICCAI SOCIETY ). The BRATS data set contains 3D
brain MRI’s and ground truth brain tumor segmentation’s collected by physicians
which contain 4 MRI modalities per case named T1-weighted( T1 ), T1ce-contrast (
T1ce),T2-weighted ( T2 ) and Fluid-attenuated inversion recovery( FLAIR ). These
multi-modal scans are in the form of NIFTY files(.nii.gz). This form is commonly
used in medical imaging format to store MRI scans and describe different states.
This has 3 tumor sub-regions which are the enhancing tumor, edema and the non-
enhancing tumor core. These data have been collected from multiple institutions.

Figure 5.1

The Data set contains training data and validation data. Training data has 369
instances each with 4 MRI modalities per case named T1,T1ce, T2 and FLAIR.The
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validation data contains 125 instances with 4 MRI modalities. These imaging data
set has been segmented manually.

5.2 Data Pre-Processing

Because all information about the brain is transformed into intensity variation, care-
ful consideration of image contrast and size is essential for interpreting or analyzing
the images during the tumor identification process. As a result, preprocessing is re-
quired to eliminate image noise and undesired labels, as well as to resize and format
the data so that it can be used in further processing. In the paper, the author et al.
mentioned that pre-processing techniques prepare the image for future processing,
improve picture quality and eliminate noise from the image.

In our research work, the dataset we used is saved as a NIFTY format file and the
.nii.gz files read into a pandas data frame for preprocessing. To import the .nii.gz
format files the nibabel module is used to call all the files at once. To process data
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from the BraTS dataset NiBabel was used. This function supports the neuroimag-
ing file format. Firstly, To handle the file format and to load the images nib.load()
function was called. An image can be loaded by passing the file name and load
function.

Figure 5.2: BRATS Dataset import

5.3 Data Segmentation

The process of distinguishing the tumor from normal brain tissues is known as brain
tumor segmentation and it is one of the most significant and difficult processes since
it generally includes a large quantity of data. According to author et al. in [4],
the purpose of brain tumor segmentation is to find out where active tumorous tissue
(vascularized or not), necrotic tissue and edema are located and how far they extend
(swelling near the tumor) and this is done by comparing aberrant tissue to normal
tissue after finding aberrant spots.

Brain tumor segmentation is an important step in the diagnosis of brain tumors
since it allows for more precise and faster detection of malignancies. Brain tumor
segmentation can be done using CNN-based various deep learning approaches like
Alexie, googlenet, VGG-16, Unet. In our paper, after data pre-processing, segmen-
tation is optimized on brain MRI for segmenting tumors from normal brain tissues.
In the segmentation CNN based U-ResUnet is applied for better performance and
accuracy rate. The both U-shaped model Unet and ResUnet is symmetric and con-
sists of two key parts: the encoder on the left and the decoder on the right [5]. The
proposed Unet with ResUnet model helps to achieve good efficiency for biomedical
images.

After importing the 3D slices from the BraTS dataset in the pre-processing step, we
are showing segments of tumors with nlplt function in figure 5.3 and figure 5.4 .

25



Figure 5.3

Figure 5.4
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5.4 Train-Test Split

For the Independent features “X” and for dependent features “Y” has been added.
These are divided into 4 portions for training and testing the brats dataset. The
dataset has been divided into 15percent for tests and 80percent for training pur-
poses.
Training Data: The dataset contains 249 patients MRI images. These 3D images
were converted then fed into the U-ResUnet model to learn segmentation of the
tumor. We kept the training data to 80percent for better segmentation. For the
input data, we used (128, 128, 2) image size for training data.

Testing Data: The dataset contains 70 patients MRI images which are labeled as
validation data. We converted them into an array and fed them into the Res-Unet
model for testing. We kept the test size to 20 percent.

Figure 5.5: Data Distribution Graph

5.5 Model Training

For our experiment, Unet and ResUnet were used. ResUnet refers to Residual Unet.
Both Unet and ResUnet is the convolution neural networks that works with encoder
and decoder. Unet and ResUnet architecture has performed in training data and
predict the machine learning model using BRATS dataset to attain high accuracy
and efficiency.

The Unet contains encoder, decoder and bridge. Bridge works as a connector be-
tween two networks. First, the input data passes through the encoder blocks during
the downsampling step. Then the output is sent to the decoder from the encoder
using both skip and bridge connections. Finally, when the upsampling operation in
the decoding network is completed, Unet’s final output is sent to ResUnet as input.

The Res-Unet contains a total of 3 parts: an Encoding network, Bridge and Decod-
ing network, just like Unet. The bridge connects these 2 networks [46]. The encoding
network takes the input as an image and passes it to later encoding blocks. Firstly,
the encoders take the input as an image and forward it to later blocks. The encoder
has a residual block activated previously. Each encoder output will connect to its
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corresponding decoder output. In each layer, the spatial dimension of the images
decreases by half. To do this strides=2 was applied. Upon applying strides 2 in
the first layer the spatial dimension decreases from 256 to 128. The bridge uses a
stride value of 1. Later the bridge passes the feature maps to the decoder. The
decoder also takes the skip connections from the encoder which then generates a
segmentation mask. After each decoder block, the spatial dimension gets doubled
which is upsampling.

We have used different activation functions for our input layers and output layers.
To activate the input layer ReLU activation function has been applied. We applied
the sigmoid function for the output layer. To train our model, MRI images were
fed into the neural network, and it shows segmented images. We have experimented
with different epochs. We used several epochs to train our model so that the pre-
cision can be optimal and the model can have efficient learning. Our batch size is
32 based on the data available in the dataset. It takes samples from the dataset
and works in iteration. After each iteration, it evaluates the values and updates the
model.

5.6 Model Optimization

To optimize our model we have used several Hyperparameter to tune our model
training. A model learn these value as parameter when we train a machine learning
model. Upon learning these values During the training period a model, these value
controls how the model will behave.
The parameters that we modified to optimize our model to keep away from model
over-fitting and under-fitting are given below:

model.compile(loss=”categorical crossentropy”,
optimizer=keras.optimizers.Adam(learning rate=0.001),
metrics = [’accuracy’] )

Batch normalization: Batch normalization is basically used in neural networks to
increase accuracy as well as speed of training data by normalizing activation inside
intermediate layers [47]. Among many characteristics of batch normalization, one
of the most efficient features is boosting up the speed training data which occurs
by reducing Internal Covariate Shift(ICS) which works through distributing each
activation layer value by forcely making mean value zero and unit variance in each
layer’s distribution while performing deep neural network models [48].

Adam Optimizer: We have adopted the adam optimizer algorithm to optimize our
model training. Adam refers to adaptive moment estimation [49]. Adam optimizer
uses the stochastic gradient descent method which is different from the classical gra-
dient descent method. It follows a learning rate which is ( lr=0.0010 ) called alpha.
It controls the learning rate for weight updates and keeps the alpha rate the same
when the model runs. For multiple parameters, it calculates specific learning rates
from evaluations which are first, second-order moments of the gradient. In terms
of memory, Adam uses very small memory resources. The equation for the adam
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optimizer is shown below:

Here the hyperparameter that controls exponential decay rates of moving averages
are β 1, β 2 [0, 1).

mt = β1mt−1 + (1− β1)gt (5.1)

vt = β2vt−1 + (1− β2)g2t (5.2)

θt+1 = θt −
ηm̂t

√
(v̂t + ε)

(5.3)

Activation Function: The usage of this function is adding the non-linearity ex-
pression to a network so that the network can learn the complicated pattern of the
data and can improve the performance as well as accuracy of the model [50]. The
activation function solves nonlinear issues and improves the network’s learning ca-
pabilities [51].

ReLu Activation Function: Rectified Linear Unit is one of the simplest nonlinear
activation functions that is used for achieving non-linearity of the data [52].
i) Relu is fast to compute.
ii) It doesn’t cause gradient loss of the input data.
iii) It speeds up the models’ learning as well as training process.
iv) It generates the value between 0 to 1. If the output is positive it will generate
the value for the output. Otherwise the output will be 0.

f(u) = max(0, u) (5.4)

ReLu(u) =

{
0 if u < 0,

u if u >= 0,
(5.5)

29



Figure 5.6: ReLU activation function graph
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Sigmoid Activation Function: Sigmoid activation function is used to introduce
nonlinearity in the network. Its shape is like an “S” in the graph. The sigmoid
function is usually employed in the output layer of a neural network for binary clas-
sification since it has a range of values from 0 to 1 [53].

f(u) =
1

1 + e−u
(5.6)

Figure 5.7: Sigmoid activation function graph
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Chapter 6

Results And Analysis

6.1 Result

So, after performing our proposed model, this is the final output where after the
tumor segmentation the tumor section was identified from the BRATS data set
which indicates that our proposed model works properly.

Figure 6.1: Predicted Tumor

6.2 Result Analysis

For getting results with more accuracy with less amount of data loss, model selection
is the most important work to perform algorithms properly. Here, we’ve performed
a combination of Unet and Res-Unet model in our dataset to identify the best ac-
curacy with less data loss to make our model more effective in our selected area
which is identifying tumors on the primary stage. As, one of the main problems of
convolution neural network based models is gradient loss which hampers the perfor-
mance of the image segmentation. Thus residual blocks take advantage of residual
networks by using skip connections and identity connections to the network, so that
the gradients can easily flow through the network which prevents gradients from
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vanishing as well as accelerate network fusion. That’s why here, we tried to select a
combination of both Unet and Res-Unet models which gives us more accuracy with
less data loss using less epochs. At the same time,in our selected model,at epoch 5,
6, 7, 8, 9, 10, 15 the value of accuracy and data loss in varying a little bit but after
15 epochs, the model is over fitting and as a result, accuracy is decreasing and data
loss is increasing. In comparison with Unet model where we get (95-96.11) percent
accuracy and (22.8-16.58) percent data loss in between 5-20 epoch whereas in our
selected model, we are obtaining (97-98.70) percent accuracy and (7.98-10.41) per-
cent data loss for the same range of epochs. That’s why we selected the combined
Unet and Res-Unet model to get high accuracy and less data loss using less epochs.

Epochs Accuracy (Percent) Loss (Percent)
5 97.91 9.09
6 97.06 10.41
8 97.48 12.43
10 98.70 9.3
15 97.45 7.98
20 93.04 23.57

Table 6.1: Testing Epoch,Accuracy and Loss for our U-ResUnet model

Figure 6.2: Epoch vs Accuracy-Loss Graph of Testing data for Our U-ResUnet
Model
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Figure 6.3: Epoch vs Accuracy-Loss Graph for Unet Model in testing data

In Table 6.2, we have shown the training accuracy and loss values in each 10 epoch.
We have shown the result for every 2 epoch. In the 2nd epoch the accuracy is 98.43
and loss is 6.49 percent. In the 4th epoch the accuracy came to 98.36 and the loss
decreased from 6.49 to 5.07 percent. In 6th and 8th epoch the accuracy came 98.61
and 98.48 as well as loss decreases to 4.14 and 4.33 respectively. Finally in the 10th
epoch the accuracy increased to 98.70 with 3.69 percent loss.

Epochs Accuracy (Percent) Loss (Percent)
2 98.43 6.49
4 98.36 5.07
6 98.61 4.14
8 98.48 4.33
10 98.70 3.69

Table 6.2: Training Epoch,Accuracy and Loss for our U-ResUnet model
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Figure 6.4: Epoch vs Accuracy Graph of Training data for Our U-ResUnet Model

Figure 6.5: Epoch vs Loss Graph of Training data for our U-ResUnet Model
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Chapter 7

Conclusion

7.1 Future Work

In our proposed model, pre-processing and segmentation are done using the Res-
Unet approach on the BraTS 2020 dataset and we have obtained a good accuracy
with less amount of data loss. So, in future work, to upgrade the outcome of the our
suggested model we are planning for utilizing the LSTM model for feature extraction
and classification of brain tumors for further processing so that it can bring a great
revolution in medical sector technology.

7.2 Conclusion

In our research paper, we have implemented a model focused on a combination
of Unet and Res-Unet model for precise identification and segmentation of brain
tumors using the MRI images to identify brain tumors in the early stages with
better efficiency. While implementing the model, at first after taking the MRI input
image, preprocessing is done with BraTS2020 data and after that, segmentation is
done utilizing the our propoder U-ResUnet model approach whereas while evaluating
the training set and validation set we have achieved 98.70 percent accuracy and 9.3
percent data loss for 10 epoch on the test set till now which was better than all
other results in comparison. So, to improve it’s performance more we want to use
LSTM model for further data classification of brain tumors in the next stages in
future work.
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