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ABSTRACT

Gokay KARAYEGEN

SEGMENTATION ON BRAIN MR IMAGES BY USING DEEP LEARNING
NETWORK AND 3D MODELING

Baskent University Institute of Science and Engineering

Department of Biomedical Engineering

2021

In the last few years, utilizing deep learning techniques for predicting tumor presence on brain
MR images became quite common.We offer a semantic segmentation method that uses a
convolutional neural network to autonomously segment brain tumors on 3D Brain Tumor
Segmentation (BraTS) image data sets using four different imaging modalities in this research
(T1, T1C, T2, and Flair). In addition, our research incorporates whole-brain 3D imaging and a
comparison of ground truth and anticipated labels in 3D. This method was effectively applied
to acquire specific tumor regions and measurements such as height, width, and depth, and
images were presented in various planes including sagittal, coronal, and axial. In terms of tumor
prediction, the evaluation findings of semantic segmentation performed by a deep learning
network are extremely promising. The average prediction ratio was found to be 91.718. The
mean IoU (Intersection over Union) score was 86.946 and the mean BF score was 92.938.
Finally, the test images' dice scores revealed a considerable resemblance between the ground
truth and predicted labels. As a result, semantic segmentation metrics and 3D imaging can both
be viewed as useful for effectively diagnosing brain tumors. Calculating the surface areas of
the brain, real and predicted labels, and applying this process to all slices is very useful in terms
of comparing tumor volume information. As a result, the predicted volume values are very
close to the ground truth volume values, showing that this study can determine the presence of
tumors by the deep learning method and tumor size by surface area algorithm. In addition, the
calculation of the brain tumor volume and 3D modeling will facilitate clear visualization of the

tumor site and understanding the size of the tumor.

KEYWORDS: Semantic segmentation, deep learning network, 3D imaging, surface area

calculation, volume of tumor



OZET

Giokay KARAYEGEN

DERIN OGRENME iLE BEYIiN MR GORUNTULERI UZERINDE SEGMENTASYON
VE 3B MODELLEME

Baskent Universitesi Fen Bilimleri Enstitiisii

Biyomedikal Miihendisligi Anabilim Dah

2021

Son yillarda beyin MR goriintiilerinde, tiimdr varliginin tahmin edilebilmesi i¢in derin 6grenme
tekniklerinin kullanim1 oldukca yayginlagsmistir.Dort farkli goriintiileme modalitesinden (T1,
T1C, T2 ve Flair) olusan 3D Beyin Tiimorii Segmentasyonu (BraTS) goriintii veri setlerinde
beyin tiimoriinii otomatik olarak bdliimlere ayirmak icin konvoliisyonlu sinir agin1 kullanarak
semantik segmentasyon yontemi sunulmaktadir. Ek olarak, piksel siniflandirilmasi i¢in ‘arka
plan’ ve ‘timor’ olmak tizere iki sinif belirlenmistir. Semantik segmentasyon sonuglarinin
degerlendirilmesi i¢in de ortalama IoU ve ortalama BFscore gibi metriklerden faydalanilmistir.
Ayrica, kullanilan veri setindeki gercek (ground truth) etiketleri ile olusturulan agin son
katmaninda elde edilen tahmin etiketlerinin karsilastirilmasi, dice katsayis1 kullanilarak
karsilagtirtlmistir. Her iki etiket grubu kullanilarak, igerisinde tiimoriin yer aldigi 3 boyutlu
beyin MR goriintiileri olusturulmustur. Sonug olarak, test goriintiisii izerinde yiiksek oranda
timor tahmini gergeklestirilmistir. Olusturulan 3 boyutlu beyin goriintiileri, tiimdriin genislik,
yiikseklik ve derinligi hakkinda cerrahlara planlama agisindan gorsel bir katki saglayabilir.
Beyin, gercek ve tahmin edilen etiketlerin yiizey alanlarinin hesaplanmasi ve bu islemin biitiin
kesitlere uygulanmasi tiimor hacim bilgilerinin karsilastirilmasi anlaminda oldukga faydalidir.
Sonug olarak tahmin edilen hacim degerlerinin, gercek hacim degerlerine olduk¢a yakin olmasi,
bu caligmanin timor varligimi derin 6grenme metodu ile timor hacmin ise ylizey alani
algoritmasi ile tespit edilebilecegini gdstermistir. Bu ¢alisma, beyin tlimorlerinin otomatik
olarak tespit edilmesini sagladigi i¢in, beyin tiimor teshislerinde 6nemli bir avantaj saglayabilir.
Ek olarak, beyin tiimoriintin hacminin hesaplanmasi ve 3 boyutlu modelleme sayesinde, timor

bolgesinin net olarak goriintiilenmesi ve tiimoriin boyutlarinin anlasilmasini kolaylagtiracaktir.

ANAHTAR KELIMLER: Beyin tiiméorii, semantik segmentasyon, derin 6grenme, 3 boyutlu

goriintiileme, yiizey alani hesaplama, tiimor hacmi
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1.INTRODUCTION

Medical imaging provides important research interest and healthcare solutions with image-
based applications. Therefore, it is a quite effective field study in terms of diagnosing critical
diseases. In addition, medical images have a significant role in surgical planning, radiotherapy
and training purposes [1]. To analyze medical images, recent developments in image processing

and computer vision technologies offer so many implementations for healthcare systems [2].

Well-known techniques used for image acquisition in biomedical imaging; computed
tomography (CT), magnetic resonance imaging (MRI), x-ray, molecular imaging,
ultrasonography, photo-acoustic imaging, fluoroscopy, and positron emission tomography-
computed tomography (PET-CT) [3]. According to the literature research [4], although the
application of deep learning techniques to analyze the images obtained with these techniques
has become widespread in recent years, considering the number of publications, studies on
MRI, CT, and microscopy is more common. In addition, there are some new technologies to

analyze medical images such as virtual and augmented reality.

The images obtained by different medical imaging methods by using augmented reality (AR)
technology are important in terms of increasing the accuracy of diagnosis of many diseases and
providing radiographic quality. Augmented reality shows the virtual image and real user
environment at the same time utilizing viewer tools placed on the head. As far as medical
applications are concerned, when situations such as medical imaging that require pre-planning,
intraoperative imaging, and physical examination are needed, the real-world view can be the

patient's own body [5].

Important stages in the processing of a digital image start with the image acquisition and then
continue with processes such as image enhancement, correction, morphological processing,
segmentation, object recognition, display and identification, color image processing, and image
compression. When it comes to image processing, the image segmentation technique is an
important research area due to its wide area of use and applications. The main purpose of image
segmentation techniques is to detect objects in an image or to classify an image with different
regions and parts [6]. Segmentation aims to divide the pixels contained in an image into groups
that are strongly correlated with the objects in the image [7]. One of the most important tasks
in biomedical imaging is segmentation. By dividing a medical image into segments, it allows

further investigations to be studied in diseases [8]. By dividing a digital image into multiple



segments, it enables the identification of the region of interest in the image (ROI - Region of
Interest) or obtaining other relevant information [9]. In the field of medicine, common features
obtained after segmentation applied to images generally consist of elements belonging to the
same type of tissue or organ. It is a key facilitating technology for medical applications such as
segmentation, diagnostics, planning, and routing applied to anatomical structures [10]. In the
last few years, these types of image processing techniques began to be applied by deep learning

systems with artificial neural networks.

Deep learning approaches have a significant impact on the prediction of tumor existence when
medical image segmentation is conducted on MR brain images. Manual segmentation of a brain
tumor is a time-consuming procedure that relies on doctors' knowledge and experience. A brain
tumor can develop as a result of cancerous or non-cancerous aberrant cell proliferation in the
brain, and it can be classed as benign or malignant. Active cells are absent from benign tumors,
and they are homogeneous. Active cells are found in malignant tumors, which lack uniformity.
[11,12]. There are two types of brain tumors: basic and metastatic (spreading). While basic
brain tumors contain brain cells, malignant cells travel to the brain from another afflicted body
area in metastatic tumors. Glioma is the most common form of tumor and can range in severity

from high-grade glioblastoma to low-grade oligodendroglioma or astrocytoma [13].

1.1.The subject of the study

A benign or malignant brain tumor develops as a result of cancerous or non-cancerous growths
of aberrant cells in the brain. Benign tumors are characterized by a uniform structure and the
absence of active cells. Malignant tumors are inhomogeneous and include active malignant cells

[14,15].

Primary brain tumors and metastatic brain tumors are the two types of brain cancers. Cells are
primarily brain cells when it comes to initial brain tumors. Cancerous cells spread from the
contaminated bodily part to the brain in metastatic tumors, on the other hand. Gliomas are the

most common type of tumor and are classed as high-grade or low-grade tumors[12].

The primary goal of computer-assisted brain tumor diagnosis is to acquire unique clinical
information about the tumor's location, existence, and type. It involves methods including
segmentation, tumor detection, and classification, as well as the diagnosis of a brain tumor using
MR images using software-based applications. Deep learning algorithms are increasingly being

used to diagnose brain cancers with greater accuracy and reliability [16].



Although magnetic resonance imaging (MRI) is a useful tool for properly depicting brain
structure, factors such as limited spatial resolution, low contrast, inhomogeneity, noise, and
object forms have made medical image segmentation a challenge. As a result, completing a

good segmentation is critical for making more accurate diagnoses of brain diseases[17,18,19].

For medical image segmentation, a variety of computer-assisted approaches are available.
Threshold-based, zone-based, mode-based, and neural network techniques are among them.
CNN (convolutional artificial neural network), one of the deep learning approaches, is highly
successful for medical segmentation applications in terms of offering high segmentation
accuracy, according to current research [20,21,22]. Convolution in deep learning is driven by a
multilayer neural network, which has several hidden layers and free parameters. Each MRI
input image passes through a series of convolution layers, pooling layers, filters, fully connected

layers, and a function for the final decision-making process with this system [23].

In this study, the main objective is to create segmentation algorithms for image processing by
using folded artificial neural networks on brain MR images obtained with the MR device, to
increase the diagnostic accuracy on these images with the help of artificial intelligence, and to

display them with augmented reality technology.

1.2.Contribution of the study

Accurate diagnosis of diseases is vital in medical imaging. A brain tumor is a life-threatening
disease that occurs in the human brain. In recent years, deep learning applications have been
used for the automatic detection of brain tumors. Contributions of this study include diagnosis
with as high accuracy as possible with automatic brain tumor segmentation and 3D imaging of
the tumor and calculation of its volume. Thus, it is possible to examine the brain tumor in detail
both visually and numerically. These analyzes provide detailed information about the region of
the brain tumor and its dimensions, including width, height, and depth. 3D imaging and volume

calculation can facilitate diagnosis or surgical planning.

1.3.Content of the study

BRATS (Brain Tumor Segmentation) image data containing MRI brain images on four different
modalities were used as the data set. This dataset was downloaded from the website
‘http://medicaldecathlon.com/’. There are four different modalities in MR images for each brain
image. These are T1 (native), T1C (post-contrast T1-weighted), T2 (T2-weighted), and Flair
(T2 Fluid Attenuated Inversion Recovery) [30]. Each MR modality plays a different role in
diagnosis. Edema regions are represented on T2 images. Healthy tissues can be distinguished

3



on T1 images. T1C images are used to distinguish the tumor margin. In addition, edema regions

can be distinguished from spinal fluid on FLAIR images [31].

In this study, both preprocessing techniques were applied to all these modalities mentioned and
it was aimed to classify the tumors with semantic segmentation technique after being used as
input in the deep-learning network. In addition, by applying the semantic segmentation
technique with the artificial neural networks used in this study, tumor detection in MR brain
images is desired. In this context, the MR image is divided into 2 different class labels as

'background' and 'tumor’.

After the BRATS dataset was downloaded and recorded in folders on a computer, it was read
into MATLAB by using proper commands. This type of data has a file format of NIfTI and can
be defined as Neuroimaging Informatics Technology Initiative. It uses a single or dual file
storage format including (1) a header file (.hdr) involving the metadata and a data file (.img)
containing image data and (2) a single file (.nii), which comprises header information followed
by image data [32]. The used BRATS brain MR image data includes 257 images and 257 pixel-

tag images in total. MR images are 240 * 240 in size and each contains 155 slices.

257 BRATS image data sets were utilized to train the deep learning network utilizing semantic
segmentation in this study. Training, validation, and test images were used to predict labels and
compare them to ground-truth labels in order to apply semantic segmentation with a deep
learning approach. After the training process was completed, 5 different data sets consisting of
155 MR slices per image with tumors were used. Also, 10 different validation data sets were

used in the training process.

The main goal is to use 3D MR images and by using the Deep Learning Toolbox feature of
MATLAB, training the computer through artificial neural networks, and performing tumor

diagnosis in these 3D images, and increasing the diagnostic accuracy percentage.

Furthermore, 3D models were constructed and cropped using MATLAB's 3D image cropping
function to better grasp the tumor's entire territory. These images were displayed in three
imaging planes: coronal, sagittal, and axial. Furthermore, different type of displays was created
which show the brain tumor as a volume inside the brain. These represent the location of the

tumor and provide specific information about tumor sizes such as height, width, and depth.



1.4.Purpose of the study

A brain tumor is one of the most common and critical diseases which causes high mortality
ratios among patients. It can be described as a group of abnormal cells that are inclined to grow
inside and around the brain. These abnormal cells in the human brain can affect brain function
structure and behavior. Diagnosing brain tumors accurately can prevent possible deaths and
lead to proper treatment. In order to execute an effective brain cancer treatment, several factors
such as classification of tumor type, region, dimensions, and borders should be considered [24].
Analyzing the characteristics of the desired region including tissues and tumors can be carried
out with magnetic resonance imaging (MRI) technique by using automated applications [25].
MRI scan is a quite sensitive approach that is used to evaluate net magnetization. In brief, a
circular coil is placed around the patient’s head and it generates electromagnetic waves and
transmitted inside the brain. Then, these waves are emitted and a receiver coil is used for
measurement. For spatial localization of the signal, a gradient coil is used. Finally,

reconstruction of the signal is carried out and a brain image is acquired [26].

For the purpose of analyzing medical images, image segmentation techniques were widely used
and they are quite useful to distinguish anatomical structures such as lesions, a tumors from
healthy tissues [27]. However, manual segmentation which can be classified as a traditional
method is quite time-consuming and depends on physicians’ experience. In this regard, to
overcome such issues, deep learning networks became common applications recently due to
their superiority comparing to manual image segmentation. Using these types of networks can
provide more detailed information regarding medical image segmentation, detection,

classification, registration, reconstruction, and quality evaluation [28,29].

This study aims to create segmentation algorithms for image processing by using convolutional
artificial neural networks on brain MR images, to increase the diagnostic accuracy of these
images with the help of artificial intelligence, and to display 3D. Accordingly, it was aimed to
classify the tumors with semantic segmentation technique after using MR images as input in
the deep-learning network. In addition, 3-dimensional imaging of the brain and tumor region
by using segmentation MR sections and labels corresponding to these sections are among the

targets.



1.5. Related Works

Several different studies on detecting brain tumors by segmentation of brain MRI images with

deep learning techniques have been studied.

In the first study, automated brain tumor segmentation was performed on multi-modality MR
images using the pre-trained artificial neural network SegNet. In this study, SegNet, a fully
convolutional artificial neural network, was used to 3-dimensional data sets for four different
MR modalities, T1, T1C, T2, and Flair, in order to detect brain cancers like necrosis, edema,
and developing tumors with automatic segmentation. Separately trained SegNet models were
combined with post-neural image processing techniques to further improve tumor
segmentation. By integrating the feature map from the convolution layer, it is hoped to create
four maximum feature maps. Following this, MR voxels were classified using the decision-
making methodology to distinguish between tumor fragments and healthy brain tissue[33]
(Figure 1.1). For the total tumor, tumor core, and developing tumor, the proposed methodology

yielded three separate F-measure scores of 0.85, 0.81, and 0.79, respectively.

nloon

Figure 1.1. Architecture of SegNet [33]



Another study focuses on a model on brain tumor segmentation and prediction of survival rate,
again using deep learning and multi-modal MR scans. For the implementation of tumor
segmentation, 3 different 3D CNN structures were used to increase the performance of the
artificial neural network [34] (Figure 1.2). A decision tree and cross-validation procedures were
used to estimate survival after 4.524 radiomic features were retrieved from segmented tumor
regions. Short-survivors, mid-survivors, and long-survivors were all classified with 61.0

percent accuracy using the model described.
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Figure 1.2. Structure of artificial neural network [34]

Another study showed a 3D U-Net structure for segmentation of identifiable subregions such
as edema, necrosis, and developing tumor from a radiography view. A strategy is provided that
includes weighted pieces from the tumor's border regions to alleviate the problem of class
imbalance between tumor and non-tumor pieces/patches This particular structure has a
contracting path for learning about the material and a symmetrically growing path for precise
localization [35] (Figure 1.3). 285 MRI pictures were trained, validated on 66 patients, and
tested on 191 patients using the Deep Convolutional Neural Network (DCNN). The suggested
model's dice scores for the overall tumor, tumor core, and expanding tumor are 0.88, 0.83, and

0.75, respectively.
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Figure 1.3. Flowchart of 3D U-Net [35]

Another study aimed to improve classification accuracy while lowering the danger of
overfitting and allowing for multi-classification. As a result, the system comprises a regularized
CNN structure and a modified softmax loss function. [36]. The Block diagram of this proposed
system is shown in Figure 1.4. In comparison to other current systems, the proposed model has
a greater accuracy of almost 2% and a processing time of 40-50 ms, according to the findings
of this study. This approach is additionally influenced by issues such as binary classification,

processing speed, and data overfitting.
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Finally, in this study using the deep CNN technique, the prominent segmentation and error
correction sections are combined. For processing input data with orthogonal sections,
segmentation masks were created, and the erroneous tags were afterward repaired using the
Replace and Refine networks. [37] (Figure 1.5). The average Dice value for this approach is

0.9015, and the necessary segmentation time for MRI volume is 14.8 seconds.
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Figure 1.5. Segmentation module structure [37]
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The next article proposes a machine learning-based computer-aided and fully automatic glioma
brain tumor detection approach. The edges in the noise-removed image are discovered using
fuzzy logic, and then contrast adaptive local histogram equalization is used to the edge-detected
brain image to enhance the edge pixels. The Gabor transformation is applied to the enhanced
brain image, and the features are determined and optimized using the feature optimization
technique. The optimized sets are then classified using the ANFIS classification method, which
divides the source brain MRI image into glioma and non glioma brain images. Finally, the tumor
zones are segmented using the fuzzy C means algorithm on the glioma brain image. Figure 1.6

shows the suggested method's training model [95].

Denoising
Glioma using Image
images Ridgelet Enhancement
filter

Fealure
Extractions
with GA

Gabor
transform

Denoising
Non-Glioma using Image
images Ridgelet Enhancement
filter

3 Feature =
Gabor Ly Trained
translorm 8 A pallems

: with GA 2

Figure 1.6. Training model for glioma prediction [95]
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In the BRATS 2017 dataset, the proposed methodology accurately recognized 156 HGG (high-
grade glioma) images out of 158 HGG brain images, with the tumor recognition rate for HGG
being around 98.7%, and 55 LGG (low-grade glioma) out of 57 LGG brain pictures, with the
TRR for LGG being around 96.4 percent [95].

Another study suggests that a generative adversarial network architecture to present an
autonomous data augmentation methodology for synthesizing high-quality brain tumor images,
allowing deep learning-based approaches to be trained more competently with the limited
preprocessed samples. The tumor segmentation was done using a level set formulation and a
geodesic active contour. Different modalities of magnetic resonance imaging brain images
acquired from BRATS13 datasets were used to validate the suggested approach. The dice
similarity coefficient was 0.942 in simulations, indicating improved performance. The related

method is presented in Figure 1.7 [96].
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Figure 1.7. A generative adversarial network architecture [96]

Stochastic evolution is a basic data augmentation method that was presented (SE). The concept
of SE is derived from our understanding of the degradation of sick tissue and the healing
process. To imitate this natural process, the proposed method uses the picture warping
technique's local distortion method. In other words, the diseased tissue's irregular deterioration
and healing processes are replicated in accordance with the direction of the local distortion,
resulting in a natural sample unrecognizable by humans. The proposed SE data augmentation
strategy improves the segmentation accuracy of breast masses, prostate, brain tumors, and lung
nodules, according to experimental results. The approach also demonstrates its robustness when

applied to various picture datasets and imaging modalities [97].
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In the next suggested method, a thresholding technique to remove the skull from each input
brain image was applied. The brain image is broken into eight blocks when the skull is peeled
away. The mean intensities were then computed for each block, and the five blocks with the
highest mean intensities were chosen from the eight blocks. Following that, for each skull
stripped input brain image, the five maximum mean intensities were used as a seed point for
the region growth method, yielding five different areas of interest (ROIs). Finally, in terms of
DSS, the final ROI was compared to a variety of state-of-the-art deep learning methods and
region-based segmentation techniques. Three separate experimental sets were used to validate
the suggested method. The DSS score was 0.89 in the first experimental setup, which used 15
randomly selected brain pictures for testing. The proposed technique which is shown in Figure
1.8 received DSS values of 0.90 and 0.80 for 12 randomly selected and 800 brain pictures,
respectively, in the second and third testing setups. For the three experimental setups, the

average DSS value was 0.86 [98].
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Preprocessing, segmentation, feature extraction, feature selection, and classification are the five
stages of the next suggested work (Figurel.9). In the first phase, manual skull stripping is used
to recover the region of interest (ROI), and the median filter is used to reduce noise effects. In
the second stage, the tumor is segmented using an improved modified region growth algorithm
(MRG) that includes both orientation and intensity constraints. In the third step, GLCM-based
texture characteristics are extracted. After that, the grasshopper optimization algorithm selects
the best attributes (GOA). Finally, the adaptive support vector machine (ASVM) is used to
categorize tumor kinds. The outcomes of the experiments are examined using a variety of
measures. The suggested method accurately segments and classifies the brain tumor in MR
images, according to the results and experiments. Accuracy ratios for three different methods

were determined as 0.95, 0.87, and 0.79, respectively [99].
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In the last research, a new framework for brain tumor segmentation is proposed. The proposed
framework is depicted in Figure 1.10 as a seven-step block diagram. An anisotropic filter is
used to pre-process the MRI volume of FLAIR pictures in the first stage. The data matrix (V)
is formed in the second phase, and the data matrix is decomposed into the basis matrix (W) and
coefficient matrix (H) in the third phase. The coefficient matrix(H) is clustered by fuzzy C-
means clustering in the fourth phase, which segments the entire tumor in the FLAIR slice.

Results of this proposed study indicate a dice sore as 0.80 [100].

— / \

. u n ] E
Previous slice middie slice next shice
113 wiun 8|22

1 | AN

Preprocessing 4 s |s Blu|s| |z

) 2[o]x : : - pxr
. Dt ) Decomposition using NMF
Step 2
b Step 1 ) \ /

Core Segmentation b / Whole Tumor Segmentation FCMC lus(en’ng\

Region
Growing
R e u Smmm
Step 3

Figure 1.10. Approach for brain tumor segmentation by non-negative matrix factorization [100]

e lw] w]-

=

o

13



2.FUNDAMENTAL INFORMATION

The brain controls many things, including intelligence, creativity, emotion, and memory. The
cerebrum, cerebellum, and brainstem are the parts of the brain that are protected within the
skull. Our five senses - sight, smell, touch, taste, and hearing - all provide information to the
brain at the same time. It assembles the messages in a fashion that makes sense to us, and it can
store the data in our memory. The brain is in charge of our thoughts, memory, and speech, as
well as the movement of our arms and legs and the function of many of our body's organs. The
brain and spinal cord make up the central nervous system (CNS). Spinal nerves branching from
the spinal cord and cranial nerves branching from the brain make up the peripheral nervous

system (PNS) [101].

The cerebrum, cerebellum, and brainstem can be defined as the main parts of the brain. The
cerebrum, which is made up of the right and left hemispheres, is the largest region of the brain.
It is responsible for higher functions such as interpreting touch, vision, and hearing, as well as
speaking, reasoning, emotions, learning, and fine motor control. The cerebellum is found under
the cerebrum. Its objective is to keep muscle motions coordinated, maintain posture, and
maintain balance. The cerebrum and cerebellum are connected to the spinal cord by the
brainstem, which serves as a relay center. Breathing, heart rate, body temperature, wake and
sleep cycles, digestion, sneezing, coughing, vomiting, and swallowing are all autonomic

functions [102].

The right and left hemispheres of the cerebrum are separated into two parts. The corpus
callosum, a bundle of fibers that connects them, transfers messages from one side to the other.
The opposite side of the body is controlled by each hemisphere. Your left arm or leg may be
weak or paralyzed if you have a stroke on the right side of your brain. Speech, understanding,
mathematics, and writing are all controlled by the left hemisphere. Creativity, spatial ability,
artistic, and musical abilities are all controlled by the right hemisphere. In around 92 percent of

adults, the left hemisphere is dominant in hand use and speaking [103].

A brain MRI is one of the most regularly used medical imaging procedures. Using multiple
MRI sequences, physicians can focus on different areas of the brain and investigate brain
anatomy and pathology. MRI is used to examine the structure of the brain and to detect
pathological situations such as cerebrovascular events, demyelinating illnesses, and

neurological illnesses. Furthermore, an MRI can be utilized to examine brain activity during
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certain activities (functional MRI - fMRI). The MRI of the brain should be done methodically,
commencing at the midline and moving laterally. Thus, the ventricles should be examined first,

followed by the surrounding subcortical tissues, brain lobes, cerebral cortex, meninges, and

skull [104].

2.1.Brain Tumor

A brain tumor is one of the deadliest disorders which compresses brain tissues to create a place
for enhancing mass. A tumor can eventuate in any body part preventing the regular working of
the physiologic system and it is quite mortal when spread into the brain. Several kinds of brain
tumors can occur in the human brain varying in positions, sizes, and shapes which should be
treated accordingly. The abnormal tumors are classified as primary and secondary brain tumors
based on their features. When cancerous tissues initiate and stay at the same position and place,
they can be defined as primary brain tumors. The secondary brain tumor which is also known
as a metastatic tumor is inclined to spread to other body sections from where it is revealed.
When it comes to the classification of the primary tumor, it can be either benign (noncancerous)
or malignant (cancerous). Furthermore, the treatment planning of brain tumors has significant
importance and it can be carried out according to grade and tissue cell information which is
usually obtained during a biopsy. Type of tissue cell can describe the cells that had caused to
the tumor and the grade of tumor can estimate aggressiveness. During the various stage of tumor

growth, different grades can be occurred [38].

2.1.1.Benign brain tumors

Chordomas are slow-growing tumors that are most common in people ages between 50 and 60.
They can be mostly seen in the base of the skull and the lower section of the spine. Even though
they are benign tumors, they might be capable of invading adjacent bone and effect neural tissue

closed by. Rarely seen these tumors are only 0.2 percent of all primary brain tumors [39], [40].

Craniopharyngiomas are also benign, however, due to their critical location deep in the brain,

they are difficult to intervene [39].

Other types of rare brain tumors such as gangliocytomas, gangliomas, and
anaplastic gangliogliomas contain neuroplastic nerve cells which mostly occur in young adults

are slightly well-differentiated [40].
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Glomus jugulare are most commonly benign and their location is mostly under the skull base
and very close to the jugular vein. These kinds of tumors are just responsible for only 0.6

percent of neoplasms of the head and neck [40].

Meningiomas are the most prevalent benign tumors consisting of the ratio between 10 to 15
percent of all brain neoplasms. These tumors are derived from the structures that resemble

membranes around the brain and spinal cord [40,41].

Pineocytomas are usually benign lesions that occur mainly in adults. They have various

characteristics such as noninvasive, homogenous, and slow-growing [41].

Apart from gliomas, meningiomas, and schwannomas, the most common intracranial tumor
type is called pituitary adenomas. Most of these types of tumors are benign and inclined to be
slow-growing. Including malignant kinds of these tumors occasionally spread through other
parts of the human body. They can be diagnosed both in children and people in the age of 30s
to 40s [40].

Schwannomas take place along nerves and consist of cells that cause electrical isolation for the
nerve cells. Even though they are benign they can give rise to serious problems and even death

in case of enhancing and applying pressure on nerves and the brain [40].

2.1.2.Malignant brain tumors

Gliomas, which account for 78 percent of malignant brain tumors, are the most common type
of adult brain tumor. They originate from the brain's supporting cells, called glia. These cells
are subdivided into astrocytes, oligodendroglial and ependymal cells (or oligos). The following

are glial tumors:

e The most common glioma is an astrocytoma, responsible for around half of all tumors
of the primary brain and spinal cord. Astrocytomas, part of the brain's supporting tissue,
grow from star-shaped glial cells called astrocytes. They can occur in many parts of the
brain, but in the cerebrum most commonly. Astrocytomas can grow in people of all
ages, but in adults, especially middle-aged men, they are more prevalent. In infants or
younger adults, astrocytomas in the base of the brain are more common and account for
most brain tumors in children. Most of these tumors are considered low-grade in infants,

while most are high-grade in adults [39].
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e Ependymomas originate from the neoplastic transformation of the ventricular system
lining the ependymal cells, accounting for two to three percent of all brain tumors [40].

e The most invasive type of glial tumor is glioblastoma multiforme (GBM). Such tumors
tend to develop rapidly, spread to other tissues, and have a poor diagnosis. Several
different cell types, such as astrocytes and oligodendrocytes, can be composed of them.
GBM is more prevalent in individuals aged 50 to 70 and is more prevalent in men than
in women [39].

e In general, medulloblastomas occur in the cerebellum, most commonly in adolescents.
They are high-grade tumors, but they are typically receptive to chemotherapy and
radiation [40].

e Oligodendrogliomas are derived from myelin-making cells, which are the insulation for

the brain's wiring [39].

In this section, we explained the brain tumor types including benign and malignant tumors.
There are many kinds of brain tumors considering both of these main tumors. One example can

be seen in Figure 2.1.

Meningioma Glioma Pituitary

Figure 2.1. Brain MR images of different tumor types

In terms of diagnosing brain tumors, there are some effective methods including MRI and CT.
The differences between these two imaging techniques provide efficient diagnosis and
treatment planning. While MRI has certain advantages regarding its high contrast resolution of
soft tissues, CT has also some positive aspects such as being faster, cheaper, and more available.
Protocols for MRI brain tumors can differ slightly, but most contain the following traditional
sequences as mentioned briefly in the first chapter: T1, T1C, T2, and FLAIR [42]. T2 and
FLAIR are fluid-weighted sequences that help to recognize cytotoxic and vasogenic edema,

necrosis, and tumoral cystic changes. The integrity of the blood-brain barrier is assessed by T1
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pre- and post-contrast imaging. Cumulatively, a lesion's traditional MRI characteristics not only
aid in diagnosis but also in determining tumor histological grade. New treatment regimes will
be planned as the complexities of tumor genesis are identified. These new therapies, sadly, can
lead to unpredictable and sometimes confusing image appearances on traditional MRI
sequences. The phenomena coined by pseudo progression and pseudo answer have arisen,

specifically with GBM therapies [43].

Procedures such as magnetic resonance (MR) imaging, positron emission tomography (PET),
and computed tomography (CT) scanning are used for diagnosis. In detecting various types of
diseases, these imaging processes are beneficial. The use of harmless magnetic fields and radio

waves makes it very popular to successfully diagnose and treat brain tumors with MR images.

2.2. Medical Imaging

Medical imaging refers to the methods and procedures used, including the study of natural
anatomy and function, to produce photographs of the human body (or parts of it) for different

clinical purposes, such as medical procedures and diagnosis or medical research [44].

Although mathematical sciences were commonly used for image processing, before the
development of computed tomography (CT) for the imaging of X-rays and isotope emission
tomography, they were of little significance in bio-medical practice, then MRI ruled as the most
informative medical imaging technique over the other modalities in many ways [45]. The

general representation of a medical imaging system is shown in Figure 2.2.
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Figure 2.2. General representation of a medical imaging system [45]

In Figure 7, a medical imaging system is described which consists of a sensor as an energy
source that is able to penetrate and pass through the human body. The energy is absorbed or

attenuated at various levels based on the atomic number or density of different tissues. At the
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end of this process, signals are created. To detect these signals, special detectors that are
compatible with the energy source are designed and these signals are used to create an image
by utilizing mathematical manipulation techniques. The final stage involves classification for
an obtained image according to the energy form applied to the human body. Several different
methods can be used to get a look into the patient, depending on the energy sources. Such
strategies are based on a signal that passes right through a patient. These signals interact with
the patient's tissues. A picture of the inside of the patient can be created by recognizing the

signal coming from the body [46].

2.2.1 Digital image processing

An image can be defined as a two-dimensional function f (x, y). Here, the x and y spatial
coordinates and the amplitude in any pair of (x, y) coordinates of f are called the brightness or
the gray scale of the image at that point. When the brightness values of x, y, and f are
measurable, the resulting image is called a digital image. The digital image processing field
refers to the processing of digital images by means of a digital computer. A digital image is a
combination of a measurable number of elements. Each of these elements has a specific location
and value. These elements are called picture elements, image elements, image elements, and
pixels. Digital images require a lot of archive and computing power in the field of digital image
processing. This depends on the development of digital computers and the development of

supporting technologies for data storage, imaging, and transmission. [8].

In today’s technology, almost all medical imaging techniques are capable of providing digital
image processing for diagnosing and surgical planning. There are several basic steps regarding

digital image processing that are shown in Figure 2.3.
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Figure 2.3. Fundamental steps in digital image processing [8]

As can be seen in Figure 8, digital image processing starts with the image acquisition stage
which generally contains preprocessing operations such as scaling. As a second section, image
enhancement can be carried out to manipulate an image to obtain more suitable results
comparing to the original image for a specific application. Image restoration is another basic
step that is responsible for developing the appearance of an image. Due to the significant use
of digital images over the Internet, color image processing became quite common. In addition,
wavelets can be used to represent images in various degrees of resolution such as image data
compression. Furthermore, by applying the compression process, it is possible to reduce the
storage demanded saving an image or transmit it based on necessary bandwidth. Morphological
processing 1s quite a beneficial method that is capable of extracting image components to
identify and represent the shape. Segmentation is the process of separating a digital image into
its parts of objects. It can generally be said that the more detailed the segmentation is, the more
likely it is that identification will succeed. Raw pixel data which is acquired as an output of the
segmentation stage is used at the stage of representation and description. The raw pixel data
mostly comprise the boundary of the region or all the points in that region. Description, which
1s also known as feature selection, deals with the extraction of attributes that result in or are
necessary for distinguishing one class of objects from another with some quantitative details of
interest. Recognition is used for assigning a label (e.g., “tumor”) to an object regarding its

definer [47,48].
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Segmentation is a very effective pre-processing method in software-based medical image
analysis and diagnosis. MR brain images have a wide range of applications in the investigation
of complex anatomical structures and human behavior. Due to the inhomogeneity caused by
the radio-frequency coil, MR brain images are severely affected by noise and artifacts.
Therefore, the blurry nature of the tissue boundaries in the image makes the segmentation
process more difficult [48]. In addition to the general steps of digital image processing, common
components of an image processing system should also be under consideration. These
components are shown in Figure 2.4 and their function is also explained in the following

paragraph.
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Figure 2.4. Component of an image processing system [8]

In terms of sensing, the successful acquisition of digital images involves two components. One
of them is a physical device that is sensitive to the energy form scattered by the object that

wanted to be imaged. The other one, also known as a digitizer, is a device for transforming the
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output of the sensing device into digital data. Specialized image processing hardware mostly
contains the digitizer and hardware that are responsible for performing other primitive
transactions for instance arithmetic logic unit (ALU). The ALU is able to execute arithmetic
and logical operations that are parallel to entire images. After images are converted into digital
form, the ALU can be used to average images for the operation of noise reduction. This unit
basically distinguishes from typical main computers in operations that require fast data. The
computer, which is one of the main parts of the image processing system is used for general
purposes and can vary between a PC and a supercomputer. Soffware component in image
processing carries out specific tasks and contains specialized modules. One of the mandatory
components in image processing applications is mass storage capability. In the case of dealing
with many numbers of images, it can be challenging and critical to providing the required
storage in an image processing system. Digital storage can be classified into three categories
including short-term storage while performing processing, online storage to execute
comparatively fast recall, and archival storage. Image displays are mainly used for TV monitors
favorably on the flat screen. Hardware devices are utilized for recording images including film
cameras, laser printers, and digital units like optical and CD-ROM disks. Networking is nearly
a default function in today’s computer systems. Due to the big amount of data used for the
applications of image processing, one of the most significant aspects of image transmission is

bandwidth [48].

Considering the components and fundamental steps in digital image processing, combining new
developing technologies with this basic knowledge can even be more effective in terms of
applying different image processing techniques to medical images. Therefore, more accurately
diagnosing and more useful surgical planning can be executed for patients. One of these
developing technologies which became quite common in the last few years is deep learning.
Using deep learning networks (e.g., ‘convolutional neural networks (CNN)’) can create a huge
impact on increasing the accuracy of diagnosis such as brain tumors. In order to detect brain
tumors, segmentation can be used which is one of the most prevalent applications in the field
of medical imaging. The segmentation method can even be more efficient when it is used in

deep learning applications.

2.3.Deep Learning

In software-based medical image analysis for more accurate diagnosis, segmentation of MRI
brain image data has excellent benefits. Due to the limits of image acquisition technologies,

MRI images can be greatly influenced by noise and artifacts, making segmentation more
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challenging[49]. Although MRI is a useful tool for properly defining brain structure, various
factors, such as poor spatial resolution, low contrast, inhomogeneity, and object shape
instability, might make medical image segmentation a challenge. In computer-aided medical
image analysis and diagnosis, segmentation is a reliable and effective preprocessing method.
Because of their complex anatomical structures and importance in human behavior study, MRI
brain images have a wide range of applications. Due to the fuzzy appearance of the tissue
borders on the image, the homogeneity created by the radio frequency coil makes the
segmentation more challenging [50,51]. Manual segmentation of the 3D MR image is applied
by medical professionals and is based on more knowledge and experience. Automatic
segmentation methods can be applied to MR images to prevent these issues. As a result, more
dependable and measurable outcomes can be obtained. Low contrast between soft tissues,
increased noise, and various sorts of artifacts, on the other hand, might lead to poor diagnostic
accuracy[52]. Because learning-based systems do not require registration, they may be the most

successful method. These methods make use of features extracted from the training image[53].

Some problems need to be solved in order to successfully implement 3D medical imaging, deep
learning techniques, and segmentation. Some of these include the ground truth version of the
images, resource memory limitation, and unstable dataset problem [54]. A CNN structure has
the ability to learn complex features from a brain MRI image. For the inputs of the CNN,
fragments are extracted from the MR images and the input of the network is fed with these
fragments. Then, trainable convolution filters and local subsampling are used to extract these

complex features [54].

Computers can find complicated patterns in vast data sets using deep learning techniques. The
main objective of deep learning-based mathematical models is to disseminate learned expertise
and make accurate predictions for fresh and unknown data. An artificial neural network is made
up of layers of connected computer units called neurons. These layers are the input layer, where
data enters the network, the hidden layers, which alter the data, and the output layer, which
generates the neural network's predictions. Figure 2.5 shows 1-dimensional node visualizations
of these structures utilized in medical imaging. Folded neural networks are frequently used to
implement deep learning in medical imaging. This is because CNN is a powerful method for
learning suitable images and other structured data representations. Figure 2.5d shows the node
graph used in medical pictures for CNNs once more. Blue dots represent input layers, orange
points represent hidden layers, and green points represent output layers in Figure 2.5. CNN, a

specific type of artificial neural network, aims to preserve spatial relationships in data with very
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little connectivity between layers. The CNN's input is arranged in a grid structure and then sent
to the layers that maintain these relationships. Each layer process runs on a small region of the
previous layer. There are many layers in a CNN. These can be expressed as convolution and

activation layers, pooling layers [55].

In addition to the convolutional neural networks, Auto-encoder models are simple network
structures that utilize only one hidden layer to reconstruct data at the input layer at the output
layer (Figure 2.5a). The restricted Boltzmann model (RBMs) seen in Figure 2.5b is another
deep learning technique. Again, another deep learning technique used for image processing is
the recurrent neural networks (RNNs) shown in Figure 2.5c¢. This method has traditionally been
developed for discrete sequence analysis. Figure 2.5¢ shows the model representing multi-
stream layered neural networks. According to this model, the defined CNN structure can be
organized as multiple data sources. Also, in this model, channels can be combined at any point
in the network. This method has two main application areas related to image processing: multi-

scale image analysis and 2.5D classification [56].

Among these deep learning techniques, it is the most widely used CNN method due to its
unusual structure. The content includes the input layer, the feature extraction layer that works
together with the convolution layers, the linear unit (ReLU) layer that is oriented to activate the

function, the pool, and the classification layers [57].
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Figure 2.5. Node representation of artificial neural networks used in medical imaging, a)

Auto-encoder, b) Constrained Boltzman model, ¢) Repetitive neural networks, d)
Convolutional neural networks, e) Multi-stream convolutional neural networks, f) U-net [56]
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Tasks of these layers: It is a 3-dimensional layer with a convolution layer and applies floating
cubic convolution filters to the 3-dimensional inputs. This layer applies the convolution process
to the data in the input layer by moving the filters vertically, horizontally, and along the depth
of the input. So it performs the down-sampling process. The alternating convolution layer, on
the other hand, upsampling the feature map obtained after the convolution layer. ReLU layers
apply thresholding to each element of the input and set all values less than O to zero. The
maximum pool layer performs down-sampling by dividing the input into rectangular pools and

subtracts the maximum calculation for each zone [58].

Recently, CNN has become very common for analyzing medical images. To perform
segmentation with the CNN, a fragment/patch of the target voxel or pixel is marked and fed as
input to the artificial neural network. The center voxel can be used for the output of the network.
Thanks to the convolution layers, CNN maintains a significant amount of nonlinear matches

between input and output [58].

CNN, deep residual Network (DRN), deep feed-forward network, deep folding neural network
(DCNN), and U-Net are only a few examples of deep learning network architecture. CNN is
the most widely used deep learning methodology in image processing because of its unique
structure, which contains an input layer, feature extraction layers that interact with convolution
layers, and a rectified linear unit (ReLU) layer to enable it, as well as an activating function,
pool layers, and classification layers [59]. CNN has recently gained popularity as a tool for
assessing medical images. The target voxel or pixel is designated with a patch and then fed into
and out of the networks to accomplish segmentation, allowing the center voxel to be used.
CNNss capture strong nonlinear matching between inputs and outputs due to the convolution
layers[60]. CNN is capable of extracting complicated properties from brain pictures. MRI brain
images are patched and fed into the network as input for CNN. These complicated features are

then extracted using trainable convolution filters and local subsampling[60].

As mentioned before, deep learning expresses a neural network that has multiple layers of a
nonlinear processing unit. These consecutive layers utilize the output of the previous layer as
input. By using these layers, the network can extract complicated hierarchy features from a
large amount of data. In the last years, deep learning became quite common and shows
important developments in the field of object detection, recognition, image classification, and
medical image analysis. Moreover, they have generated significant outcomes comparable or
superior to the expert in their fields. CNN, which has the most effective deep learning
algorithms especially in image segmentation, was firstly introduced in 1989 and the first
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successful application was hand-written digit recognition in 1998 [13]. Other CNN-based
architectures were proposed in subsequent years, including VGGNet [61], GoogleNet [62],
Residual Net [63].

CNN is a neural network of multiple layers that includes convolution, pooling, activation, and
fully connected layers. CNNs are built around convolution layers, which are used to extract
features. The convolution technique generates distinct feature maps depending on the filters
employed. The pooling layer performs a downsampling technique by using the maximum or
average of the specified neighborhood as the value to minimize the spatial size of each feature
map. The non-linear rectified layer (ReLLU) and its variations, such as Leaky ReLLU [64], are
extensively used activation functions that convert data by clipping all negative input values to
zero while sending positive input values as output. A fully connected layer contains neurons
that are fully connected to all preceding layer activations. They are used to flatten the results
before linear classifiers are used to produce a prediction and are placed before the output of a
CNN classification. While training the CNN architecture, the model predicts class scores for
training images, calculates the loss using the selected loss function, and finally updates the
weights through back-propagation using the gradient descent method. Cross-entropy loss is one
of the most commonly used loss functions, and the most popular method of operating gradient

descent is stochastic gradient descent (SGD) [64].

The essential prevalent characteristic of deep learning systems is their capability to learn
features that provide learning representations of data automatically. This is the primary
distinction between approaches to deep learning and more "classical" machine learning [63].
The interest in deep learning is mainly triggered in medical imaging by convolutional neural
networks (CNNs), a powerful way to learn useful image representations and other structured

data.

A CNN is a special kind of artificial neural network, with very few interactions between the
layers, aimed at preserving spatial relationships in the data. The input of a CNN is adjusted as
a grid structure and fed into the layer that is capable of preserving these relationships by
performing on a small region of the previous layer in each layer (Figure 2.6). For image-related
tasks, CNNs can create a significantly influential representation of the input data. As described
earlier, a CNN has convolution and activation layers that are interspersed with pooling layers.

This type of deep learning network is mostly trained with backpropagation and gradient descent.

26



Output

@)
O
Vectorised L)
Topuit image Featuremaps  pooling window feature maps [ ]
: - I O Y
| Ll / Pooled Feature maps B SO )
il feature maps || . i E—( ) (‘,‘;’ O
Z I ", oole ! e M
- ‘ 1-\7\ | ‘ feature maps Q{ @ (_;)
: ! ‘ EL—|E=_ r*‘a* O 0
Filter Convolution and Pooling ~ Convolutionand  Pooling
activation activation Vectorisation
Input layer Convolutional layer Convolutional layer Fully connected layer

Figure 2.6. Representation of a typical CNN architecture

2.3.1.Convolutional layers

Convolution layers are responsible for the activations from the previous layers by using
convolution operation with a group of small filters. They are collected in a tensor X® @, where
b represents the filter number and a corresponds to the layer number. By using each filter with
the exact same weights along with the whole input domain, one of them can perform a
significant reduction in the number of weights that are required to be learned. The explanation
for this weight-sharing is that characteristics that occur in one part of the picture are likely to
appear in other sections as well. Executing all the convolutional filters at all places of the input

to a convolutional layer generates a tensor of feature maps [59].

A convolutional layer consists of neurons that link the input images or the outputs of the
previous layer to subregions [65]. While scanning through an image, the layer learns the
features localized by these regions. A 3-by-3 filter scanning through the input is shown in Figure
2.7 which represents the basic convolution operation. The lower map represents the input and

the output is represented by the upper map.

e te

Figure 2.7. Standard 2-dimensional convolution application [65]
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Even though 2D convolution filters can be useful in many cases, in terms of processing 3D
images by using deep learning networks, 3D convolution operation must be applied. When it
comes to 3D convolution, the generalization of 2D convolution represents them. In this case,
the input layer depth is greater than the filter depth. Therefore, the 3D filter can create a motion
in all directions including height, width, and channel of the image. The element-wise
multiplication and addition provide one number at each location. Because of the filter’s
movement in a 3D space, the output number is also adjusted in 3D space. Representation of the

3D convolution operation is shown in Figure 2.8.

Figure 2.8. Simplified demonstrations of 3D convolution [66]

3D convolutions may define the spatial relationships of objects in 3D space, similar to 2D
convolutions that encode the spatial relationships of objects in a 2D domain. For some
applications, such a 3D relationship is significant, such as in 3D segmentations/reconstructions
of biomedical imaging, e.g., CT and MRI, where 3D space meanders around artifacts such as

blood vessels. [66]
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2.3.2.Activation layers

The feature maps that are extracted from a convolutional layer are fed into nonlinear activation
layers. That’s way, the whole neural network can approximate nearly any nonlinear function
[65]. The activation functions are usually known as the simple rectified linear units or ReLUs.
If it is positive, ReLU will generate the input directly, otherwise zero will be output. For several
forms of neural networks, it has become the default activation feature because it is easier to

train a model that uses it and often achieves better performance.

2.3.3. Pooling layers

After the input data was fed through one or more convolutional layers, feature maps from these
layers were acquired and they are basically collected in a pooling layer. Pooling operations
require small grid sections as input and generate a single number for each section. The number
is mostly calculated by using the max function which is also known as max-pooling or the
average function which can be defined as average pooling. Since a small change in the input
image results in small changes in the activation maps, some translational invariance is given to

the CNN by the pooling layers. An example of max-pooling and average pooling is given in

Figure 2.9.
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Figure 2.9. Representation of operations in pooling layers [67]
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Using convolutions with increased stride lengths is another way to achieve the downsampling
effect of pooling. Another representation of a max-pooling operation with a stride value ‘2’ is

shown in Figure 2.10.
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Figure 2.10. Max-pooling in a neural network [68]

2.3.4 Batch normalization layers

These layers are mainly inserted into the network after activation layers and they generate
normalized activation maps by subtracting the average and dividing by the standard deviation
for training batches. The network is forced to adjust regularly, like batch normalization layers,
as the training batch enters these layers, which acts as a regularizer for the network, its
activations to zero mean and unit standard deviation speed up training, and makes it less

dependent on careful initialization of parameters [69].

2.3.5. Transposed convolution layers

These layers can perform operations by applying transposed convolution in the opposite
direction of a normal convolution which is also known as up-sampling for many network
applications. Some examples include the generation of high-resolution images and the mapping
of low-dimensional characteristics to high-dimensional space, such as auto-encoder or semantic

segmentation.

Traditionally, by applying interpolation schemes or manually constructing rules, one may
achieve up-sampling. On the other hand, modern architectures such as neural networks appear
to enable the network itself, without human interference, to automatically learn the proper

transformation. Therefore, transposed convolution can be used to achieve this goal [70].

The implementation of a transposed convolution with a direct convolution is always possible.

In Figure 16, transposed convolution is applied by using a 3x3 kernel over 2 x 2 input padded
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with a 2 x 2 border of zeros using unit strides. As a result of the up-sampling operation, 4x4

output data is obtained.

Figure 2.11. Up-sampling with transposed convolution [70]

2.3.6. Softmax layer

Softmax, just before the output layer, is implemented via a neural network layer. As the output
layer, the Softmax layer must have the same number of nodes. Softmax regression is a type of
logistic regression that normalizes an input value into a value vector that follows a distribution

of probability with a total sum of up to 1 [71].

2.3.7. Pixel classification layer

This layer is capable of providing a categorical label for each image pixel or voxel. For
especially semantic segmentation networks, it generates a pixel classification output layer. The
layer outputs a categorical label for each CNN-processed picture pixel or voxel. During

preparation, the layer automatically ignores unknown pixel labels [72].

2.4.Semantic Segmentation

Speaking of semantic segmentation, it is a technique that describes the process of associating
each pixel of an image with a class label. For a semantic segmentation network to be trained, a
collection of images and their corresponding labeled pixel images are required. Pixel labeled
image is the image where the value of each pixel represents the categorical label for that pixel.
The common layout in semantic segmentation networks requires downsampling the image
between the convolution and relu layers, and then the output needs to be upsampled to match

the input size. During this process, the network performs processing using non-linear filters.
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In order to evaluate the results of semantic segmentation, several different metrics can be used
including global accuracy, mean accuracy, mean loU, weighted IoU, mean BF score, and dice-
index. The development of a confusion matrix is another evaluation operation for pixel
classification based on classes [73]. The instances in a predicted class are represented by every

row of the confusion uncertainty matrix and each column represents the instances in a true class.

Table 2.2. Class confusion matrix for pixel classification

True class
P N
P True Positive False Positive
Predicted (TP) (FP)
class N False Positive | True Negative
(FN) (TN)

The ratio of correctly categorized pixels to the total number of pixels without depending on a
class defines global accuracy. For each class, the ratio of correctly classified pixels to total

pixels is known as the mean precision shown in Eq (1) [74].

TP+TN
TP+TN + FP +FN

(1

Accuracy =

The IoU (Intersection over Union) metric, also known as the Jaccard index and illustrated in
Egs. (2) and (3), can be used to more consistently measure semantic segmentation outcomes (3)
[75]. This is one of the most commonly used metrics in the semantic segmentation process. It's
defined as the ratio of segmented image overlap areas to ground truth images (Figure 2.12) [75].
As a result, this metric can be effective for evaluating the similarity of ground truth and

predicted labels. The value of this measure ranged from O (no overlap) to 1 (full overlap).

M (2) Jaccard = IoU = TP
AU B|| TP + FP + FN

Area of Overlap L

Jaccard(A,B) =

(3)

loU =

Area of Union

Figure 2.12. Calculation of IoU metric [75]
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For the evaluation of the predicted mask collection, a comparison between predicted masks and
each of the available target masks can be done. When a prediction-target mask pair has an IoU
score that exceeds some predefined threshold, a true positive is observed. A false positive means
that no corresponding ground truth object mask has an expected object mask. A false negative

means that there was no corresponding forecast object mask for a ground truth object mask.

True positive False negative
ground truth ground truth
Example
Threshold: 0.5
— False positive
loU =0.8 prediction loU =01 prediction

Figure 2.13. Representation of the IoU calculation [76]

The Weighted IoU is the mean IoU value of all classes and the weighted mean value of the
number of pixels for each class is calculated. The BF score shows the similarity between each
class's projected contours and the actual contours. In addition, the dice coefficient plays an
important role in assessing semantic segmentation outcomes, which is like the IoU shown in

Eqgs. (4) and (5) [77].

2[|AnB]| . 2TP
[1A]]+]1BI| ) Dice = 2TP+FP+FN ()

Dice(A,B) =

Here is an example of two circles representing the ground truth and the predicted masks for an

arbitrary object class given by the Dice and IoU metrics [78].

loU=1.00 loU=0.52 loU=0.25
Dice=1.00 Dice=0.69 Dice=0.40

Figure 2.14. Illustration of dice and IoU metrics based on ground truth and predicted masks
[78]
Important statistics about semantic segmentation and label prediction can be represented by all

these metrics.
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3.MATERIAL AND METHODS

The procedures performed in the current study, the grayscale imaging of brain MRI sections
and the creation of an artificial neural network using deep learning techniques of all these
sections in an MR image, and then the semantic segmentation technique to distinguish healthy
brain tissue or tumor tissue from the background in the image. It is aimed to be Using 3D MR
images and using the Deep Learning Toolbox feature of MATLAB, training the computer
through artificial neural networks mentioned in literature research and performing tumor

diagnosis in these 3D images, and increasing the diagnostic accuracy percentage.

Our proposed method begins with image acquisition in MATLAB, followed by pre-processing
applications such as histogram equalization, as stated previously. Then, as an input, random
patches from MR images are fed into a neural network. This network was trained using 16
layers, including convolution layers, batch normalization layers, relu layers, max-pooling
layers, and transposed convolution layers and relu layers for down-sampling and transposed
convolution layers and relu layers for up-sampling. The softmax layer and pixel classification
layer complete the deep learning network. Test images were used to apply semantic

segmentation after the training process.

Segmented MR slices and predicted labels are among the semantic segmentation's outcomes.
The results of semantic segmentation and 3D imaging, including the whole brain, ground truth,
and projected labels, and tumor position, are presented in the final stage. The Block diagram of

the proposed method is shown in Figure 3.1.

Pre- Feeding Training
Image processing images into process of the

Applying Evaluating
semantic the result of

segmentation the semantic
to test images segmentation

acquisition operation neural neural
(Hist.Eq.) network network

Figure 3.1. Block diagram of the proposed method.

3.1. Image Dataset

In the study, NIfTI (Neuroimaging Informatics Technology Initiative) meta-data was used as
image data. These data, called the BraTS data set, include MR scans of brain tumors. These

data, which are known as glioma and are the most common basic brain tumor type, are taken
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from http://medicaldecathlon.com/. The brain MR dataset contains 257 training images with
corresponding labels, and the dimensions of these MR images are 155 sections and T1 (T1-
weighted), T1C (contrast-enhanced T1-weighted), T2 (T2-weighted), and FLAIR (Liquid
Attenuation Inversion Recovery) The dimensions of the 4 different imaging modalities are 240
*240. 5 distinct MR images were used as test images for applying semantic segmentation for
background and tumor prediction, as well as analyzing segmentation criteria such mean
accuracy, mean loU, weighted IOU, and mean BFScore [79]. The experiments were carried out
on a computer with an i7 9th generation processor unit 2.60 GHz / 8GB RAM and NVIDIA
GEFORCE GTX. In terms of brain tumor diagnosis, each MR imaging modality has various
significance. Edema tumor locations can be identified using T2 images, healthy tissues can be
discriminated using T1 pictures, tumor margins can be identified using T1C imaging, and
edema regions may be distinguished from the cerebrospinal fluid using FLAIR images. [80,81].
In our presented approach, all imaging modalities are first processed in a pre-processing
imaging application before being fed into a neural network as an input image. Image processing
techniques such as image sharpening and histogram equalization were used to the original

images after they were displayed on MATLAB to enhance contrast.

Figure 3.2. Different MR modalities and pre-processing operations a) original images, b)
images after image sharpening were applied, ¢) images with histogram equalization.

3.2. Pre-processing

In order to increase contrast, histogram equalization was applied to the original images, as
shown in Figure 3.3. We used an adaptive histogram equalization technique, which takes a
different approach than standard histogram equalization in that it computes multiple

histograms. Each of these histograms corresponds to a different section of the image, and they
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are used to redistribute the image's lightness value. This approach strengthens the definitions of
the edges in each area and increases the local contrast [82]. Following this segment, random
patches for training are extracted from two image-based datastores that include network inputs

and desired network responses.

In addition, by determining the section number and using preprocessing techniques such as
sharpening and histogram equalization in all 155 sections, the contrast differences in the image
have been clarified and then these images are intended to be used as test images after the
artificial neural network is trained. It is also among the studies that these 4 different modalities

are displayed in a single figure (Figure3.3).

™ T1C

Figure 3.3. Displaying original MR images in four modalities

These 4 different modalities of this selected section were then corrected by the sharpening pre-

processing technique (Figure 3.4).
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Figure 3.4. Sharpening of the MR images and related histograms
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By applying the histogram equalization technique to these sharpened images, the contrast
differences have been made clear and the resolution has been increased (Figure 35). All slices

can also be shown in Figure 3.6.
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Figure 3.5. Applying histogram equalization technique to MR images

Random patches for training are collected from two image-based datastores that incorporate
network inputs and desired network responses after this section. It may also be used to train
semantic segmentation networks with pixel label data and ground truth images. The patch sizes
are 36%¥36*155 and 40*40*155, respectively, and there are 80 and 90 patches per image. These
patch sizes were chosen to simplify the deep learning network and improve its performance as
much as feasible due to memory issues. Patch sizes with these measurements demonstrate the

best outcomes as a result of several testing.
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Combined Slices

Figure 3.6. All MR images consisting of 155 slices with four modalities: T1, T1C, T2, and
FLAIR.

3.3. The Deep Learning Network

Convolution and transposed convolution layers were used to perform downsampling and
upsampling operations in our proposed deep learning network (Figure 3.7). Then, using the
network whose simplified structure is shown in Figure 3.8, semantic segmentation was applied

to test images.

The obtained patches are fed into a deep learning network as an input image. Convolution layers
are applied to images with 12 filters that have dimensions of 4*4*4 due to strong performance

findings acquired following an experimental phase. It was also planned to conduct a more
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thorough investigation, taking into account the tumor measures. It was also intended to perform
a more detailed analysis, considering the tumor measurements. The 3D max-pooling layer was

used to conduct down-sampling by dividing the 3D image into cuboidal regions.
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Figure 3.7. Architecture of deep learning network and semantic segmentation.
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Figure 3.8. Simplified representation of deep learning network for the proposed study.
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The training process of this deep learning network was carried out by using MATLAB and it is
approximately required 3-hour training for the image dataset. An example of the training

process is shown in Figure 3.9.
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Figure 3.9. Illustration of the training process for the image dataset

When training networks for deep learning, it is normal to keep track of their development. It
can be learned how the training is going by plotting different metrics during the training. It can
also be seen how quickly the network's accuracy is improving, as well as if the network is
beginning to overfit the training data [83]. Each iteration requires a gradient estimate and a
network parameter update. If validation data is stated as a training option, validation metrics
are displayed in the figure each time network is going to be validated. In Figure 3.9, many
different types of metrics can be observed, and these can be listed as following: Training
accuracy represents classification accuracy on each individual mini-batch. Smoothed training
accuracy is achieved by smoothing the training accuracy using a smoothing algorithm. It has a
lower noise level than unsmoothed accuracy, making it easier to identify patterns. Validation
accuracy is classification accuracy on the entire validation set. Training loss, smoothed training
loss, and validation loss are responsible for the loss on each mini-batch, its smoothed version,

and the loss on the validation set, respectively [84].

40



In the training process of our deep learning network, a stochastic gradient descent algorithm
was used. Stochastic gradient descent is a well-known and commonly used algorithm in various
Machine Learning algorithms, and it is the base of Neural Networks [85]. In simple terms,
gradient refers to the slope or slant of a surface. Consequently, gradient descent involves
descending a slope to the lowest point on the earth. Consider a two-dimensional graph, such as

the parabola shown in the diagram below.

Figure 3.10. A graph regarding gradient descent [85]

The lowest point on the parabola is at x = 1 in the graph above. The gradient descent algorithm
aims to find the value of "x" that minimizes "y." The objective function that the gradient descent
algorithm uses to descend to the lowest point is referred to as "y." Gradient descent is an
iterative algorithm that begins at a random point on a function's slope and works its way down
until it reaches the function's lowest point. When the optimal points cannot be identified by
equating the function's slope to 0, this algorithm comes in handy. In the parabola above, the

n_.n

number of squared residuals can be mentally mapped as the function "y" and the weight vector

n,n

as "x" in linear regression [86].
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By taking small steps in the direction of the loss function's negative gradient at each iteration,
the standard gradient descent algorithm updates the network parameters (weights and biases) to

minimize the loss function [87].
Ok +1) = @(k) —aVE(D(k)) (6)

According to Eq.6, the iteration number is k, the learning rate is a>0, the parameter vector is @,
and the loss function is E(@). The gradient of the loss function, VE (@), is calculated using the
entire training set in the conventional gradient descent algorithm, and the standard gradient

descent algorithm uses the entire data set at once.

The stochastic gradient descent algorithm, on the other hand, evaluates the gradient and updates
the parameters using a subset of the training data for each iteration. Each iteration uses a
different subset, known as a mini-batch. One epoch represents a complete transfer of the
training algorithm over the entire training set using mini-batches. Since the parameter updates
computed using a mini-batch are a noisy approximation of the parameter update that would
result from using the entire data set, stochastic gradient descent is stochastic. The
'MiniBatchSize' and 'MaxEpochs' name-value pair arguments can be used to determine the

mini-batch size and the maximum number of epochs, respectively.

3.3.1.Down-sampling

Image downsampling is completed by max-pooling layers, which are put into the network after
convolution, batch normalization, and relu layers. Fundamentally, the goal of these layers is to
handle data of a more manageable scale, minimize data storage size, and provide faster image
processing time by lowering input data dimensions. Eq. 7 displays the convolution layer

formula (1). Dimension filters (F) were used to create a three-dimensional image (1) [88].

0(,j, k) = X 2n XpI(m,n,p)F(i —m,j —n,k —p) (7

In Eq. (7), the matrix form is defined as follows: Scale of input matrix (number of images) x
(width (w)) x (height(h)) x (depth(d)), where w and h correspond to the number of convolution
filters and d to the filter depth [89].
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3.3.2.Up-sampling

For upsampling the data's 3D feature charts, transposed convolution layers are applied to the
neural network. As a result, the image's size can be increased at the end of these layers. For the
deconvolution operation, the same size filters were used as in the convolution layers. The deep
learning network's final layer is the pixel classification layer, which assigns a categorical mark

to each image pixel or voxel so that semantic segmentation can be performed.

Considering upsampling, which has an inverse objective of downsampling, it is aimed to
increase the image's dimensions and fill in the holes (columns/rows) in some way. Applying to
upsample operation to the original image by a factor of three, it is required to use logic to add
two more rows/columns for each row/column in the image (Figure 3.11). One alternative is to

simply replicate each column/row in the original image [90].

Width x 3
Height x 3

—

Figure 3.11. Simple representation of up-sampling [90]

Upsampling is the method of increasing spatial resolution while preserving the image's 2D
representation. It's widely used for zooming in on a single area of an image and removing the

pixelation effect that happens when a low-resolution image is viewed on a wide frame [91].
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3.3.3.Semantic segmentation by using the network

Semantic segmentation is the process of matching each pixel of an MR brain image with a class
label such as background or tumor. A deep learning network and semantic segmentation are
used to classify every pixel in an image. As a result of this procedure, images are segmented
into classes[92]. Our method uses a deep learning architecture to create a neural network and
apply semantic segmentation to MR images. The downsampling of an image between
convolutional and ReL.U layers, as well as output upsampling to fit the input size, is a common

structure used in semantic segmentation networks.

3.3.4.Evaluation metrics

Several metrics were used to evaluate the segmentation performance, including global
accuracy, mean accuracy, mean loU, weighted IoU, mean BF score, and dice-index. The
development of a confusion matrix is another evaluation operation for pixel classification
according to classes [93]. The instances in a predicted class are represented by the rows of the
confusion matrix, while the instances in a true class are represented by the columns (Table 3.1).

Table 3.1. Class confusion matrix for pixel classification based on tumor and background.
True class

P (Background) N (Tumor)

P True Positive  False Positive
Predicted (Background) (TP) (FP)
class N(Tumor) False Positive  True Negative
(FN) (TN)

3.4. 3D Imaging with MR Slices

In the final part of our research, we compared the similarities and tumor structure in terms of
presenting tumor dimensions such as width, height, and depth using 3D imaging of the entire
brain, ground truth, and predicted labels. In addition, 3D brain imaging with accurate tumor
location can support surgeons in improving treatment options and extending academic research
in the field of medical imaging. We aimed to see if any whole brain tumors were using semantic

segmentation and a deep learning network. Our evaluation results show that we are capable of
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detecting brain cancers with remarkable precision and accuracy. In addition, 3D imaging of the

brain tumor region was performed using three distinct imaging planes.

3.5. Surface Area Calculation by Using MR Slices

An algorithm for the calculation of surface area involves calculating the area of all of the pixels
in the image by summing the areas of each pixel in an image. The region of a single-pixel is
measured by looking at its two-by-two neighbors. There are six distinct patterns, each of which

represents a different area:

e Patterns with a pixel area of zero (area = 0)

e Patterns of one pixel per square inch (area = 1/4)

e Patterns with two adjacent pixels on the same pixel (area = 1/2)
e Pixel patterns with two diagonals (area = 3/4)

e Three-on-pixel patterns (area = 7/8)

e Patterns on pixels for all four (area = 1)

Each pixel is divided into four 2-by-2 neighborhoods. This means that a single on pixel

surrounded by off pixels, for instance, has a total area of 1 [94].
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4.RESEARCH FINDINGS

A total of 257 BraTS image data sets were used in this study to train a deep learning network
by using semantic segmentation. We used training, validation, and test images to predict labels
and compare them to ground-truth labels in order to apply semantic segmentation with the deep
learning technique. After the training phase was completed, 5 separate data sets containing 155
MR slices with tumor were utilized. Table 3 shows the evaluation results of our model, which

includes many semantic segmentation metrics.

Table 4.1. Evaluation results of our proposed model for 5 different MR test images

Input Image Patch Patch Backg Tumor Mean Mean  Weight Mean BF
Size Size per round Predicti Accur IoU (%) edloU Score
(240%240*155%*4) image Predic on (%) acy (%) (%)
tion (%)
(%)
36*36 80 99.84 87.93 93.89 84.7 99.59 94.93
*155
36*36 80 99.56 95.03 97.29 86.07 99.1 88.28
*155

40*40 90 99.71 97.83 98.77 88.12 99.45 94.85
*155

40*40 90 99.78 87.42 93.6 87.75 99.26 91.84
*155

40*40 90 99.89 90.38 95.14 88.09 99.71 94.79
*155

Mean Values (%) 99,756 91,718 95,738 86,946 99,42 92,938
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According to the findings, the average tumor prediction was 91.72, and the average background
prediction was 99.75. Other measurements for the five images were 95.74, 86.95, and 99.42,
respectively, for mean precision, mean IoU and weighted IoU. One of the most important

metrics, the Mean BF Score, was determined to be 92.94.

As shown in Table 3, semantic segmentation metrics were used to evaluate test images. These
images were also subjected to image analysis, with the results displayed to show segmented
images, a comparison of ground truth and projected labels and a similarity ratio between these
labels. Figures 4.1, 4.3, 4.5, 4.7, and 4.9 depict all of these findings. Figures 4.2, 4.4, 4.6, 4.8,
and 4.10 indicate the similarity between labels with dice scores centered on 8 slices for the

purpose of showing the resemblance between labels with dice scores.
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Figure 4.1. Semantic segmentation results of the first image including ground truth and
predicted labels with IoU ratio as 84.71 a) original MR slices (T2), b) segmented MR slices, ¢)
ground truth labels, and d) predicted labels.
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Figure 4.2. Similarity ratios with dice scores of the first test image.
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Figure 4.3. Semantic segmentation results of the second image including ground truth and
predicted labels with IoU ratio as 86.07 a) original MR slices (T2), b) segmented MR slices, c)
ground truth labels, and d) predicted labels.
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Figure 4.4. Similarity ratios with dice scores of the second image.
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Figure 4.5. Semantic segmentation results of the third image including ground truth and
predicted labels with IoU ratio as 88.12 a) original MR slices (T2), b) segmented MR slices, c)
ground truth labels, and d) predicted labels.
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Figure 4.6. Similarity ratios with dice scores of the third image.
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Figure 4.7. Semantic segmentation results of the fourth image including ground truth and
predicted labels with IoU ratio as 87.75 a) original MR slices (T2), b) segmented MR slices, c)
ground truth labels, and d) predicted labels.
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Figure 4.8. Similarity ratios with dice scores of the fourth image.
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Figure 4.9. Semantic segmentation results of the fifth image including ground truth and
predicted labels with IoU ratio as 88.09 a) original MR slices (T2), b) segmented MR slices, ¢)

ground truth labels, and d) predicted labels.
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Figure 4.10. Similarity ratios with dice scores of the fifth image.

Using segmented MR slices and labels, MATLAB was utilized to perform 3D imaging of the
entire brain, ground truth labels, and projected labels (Figure 4.11). To examine the similarities
between ground truth and prediction, labels were put into segmented MR slices (Figure 4.12),
and then a 3D brain model containing tumor was generated to assess tumor measures more

precisely (Figure 4.13).
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Figure 4.11. An example for displaying in 3D, a) whole brain, b) ground truth labels, and
c) predicted labels
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The similarity between these labels and the 3D model built using them is compared when
ground truth and predicted labels are incorporated into a segmented image. In order to better
comprehend the specific location of the tumor, 3D models were constructed and cropped using
MATLAB's 3d picture cropping function. These images were shown in three imaging planes:
coronal (Figure 4.14), sagittal (Figure 4.15), and axial (Figure 4.16). They depict the tumor's

position and provide details on the tumor's measurements, such as its height, width, and depth.

LI
¢ ¢ & ¢ @

(O B A A ¢
LB S B A

¢ & ¢ & B
L B N N BN N S N S S S S X

'

; . X
LBE 3R 3R 3% 3% 3% 3% 3% 3% 3% 3 J% : €cCCCCCE
ccCcCCCOOOOOOOO L A B B B N N N J
R B B N N N N N N N N N J[ N N N N N N N N N N N N

00O OOOOOOOOOLIOLEeEELELIOLOLOLOLOLOEOE
POOOLOOLOLEOLOLEOEOEOEOIOLOLOLEOLELEOLELEOLELOLOEE
O 666666666 OORPFEELEHE#§OGGGG666
© O 6 6 6 6 6 6 6 6 6 6 Sl 66 6 6 6 666666666

¥ ¥ & & £ S s = 2 2 : 2 F & ® = - s

Figure 4.12. Label insertion into segmented MR slices, a) MR slices with ground truth labels,
b) MR slices with predicted labels.

Figure 4.13. 3D MR brain image display by using label inserted slices a) ground truth labels,
b) predicted labels (axes represent the pixel number).
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Figure 4.14. 3D representation of exact tumor region on the coronal plane.
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Figure 4.15. 3D representation of exact tumor region on the sagittal plane.
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Figure 4.16. 3D representation of exact tumor region on axial plane.
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This study presents a system that employs a semantic segmentation methodology with a
convolutional neural network. Our proposed methodology compares ground truth and projected
labels to measure background and tumor prediction using semantic segmentation on MRI data.
257 MR images with four different modalities were learned in a deep learning network.
Following the successful completion of the training procedure, this neural network was fed 5
distinct MR test pictures, each with 155 slices, for semantic segmentation. The results of this
semantic segmentation network indicated substantial values when it comes to analyzing
segmentation metrics. As previously indicated, segmentation factors such as IoU, BF score,
and dice score produce more accurate and consistent results when compared to other relevant
studies. Furthermore, for background and tumor prediction, 99.76 and 91.72 were calculated,
respectively. These ratios can be interpreted as critical numbers for determining the
effectiveness of semantic segmentation and obtaining tumor-region information. On the other
hand, when our model is run with more memory, it can be even more successful in future
studies. To get around this issue, we can use an external GPU unit, which allows us to analyze
and evaluate a lot more test images in a shorter period. Patch size and patch per image variables
derived from original images can also be increased to improve pixel classification. As a result,
a significant tumor prediction ratio can be established. Increasing the number of classes is
another choice for increasing the variety of pixel classification. Since it can include more test

data and classes, this approach could perform better.

Another aim of this study is to use 3D brain imaging, ground truth and predicted labels, and
tumor with insertion of these labels into segmented images to get precise tumor position
information. The similarity ratios between ground truth and expected labels were found to be
86.95, indicating that semantic segmentation is accurate. All 155 MR slices were used and
superposed to construct a 3D brain model with a tumor. In the images mentioned earlier, it can
be seen the variations between the 3D brain model with ground reality labels and the 3D

projected labels.
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In this study, 3-dimensional imaging of the brain and the tumor was achieved by using 155 MR
slices for each image as previously stated. After this step, the calculation of the total surface
area of the tumor and the comparison of the surface areas of the ground truth labeled images
with the predicted labeled images were performed. In order to apply this process, the surface
area of each section obtained after segmentation was calculated for the brain and labels. Surface
areas, tumor prediction rates, and mean IoU metrics for 4 different MR images are given in

Table 4.2.

Table 4.2. Total surface areas of related images

Total Total surface False Tumor Mean
Images  Total surface surface area area of predictio prediction IoU(%)
area of brain of ground predicted n ratio ratio (%)
truth labels labels (%)
1 1667000 199810 189550 -10310 93,3 87,75
(100) (11,98%) (11,37%) -0,61%
2 1504100 83214 86830 +3616 92,85 88,08
(100) (5,53%) (5,77%) +0,24%
3 1305700 211260 151840 -59420 86,94 91,47
(100) (16,18%) (11,63%) -4,55%
4 1384300 137980 138230 +250 97,83 88,12
(100) (9,96%) (9,98%) +0,02%
Average 1465275 158066 141612,5 -16453,5 92,73 88,855
(100) (10,91%) (9,68%) -1,23%

As seen in the table, the surface areas of 4 different MR images were calculated for the whole
brain, ground truth labels, and predicted labels. At the same time, tumor prediction rates and
average IoU values of 4 images are also given. The data in this table contains important
information regarding the comparison of the original and predicted labels of the brain tumor
and the area covered by the brain tumor. The surface area calculation made with predicted labels
which are very close to the surface area of the tumor in ground truth labeled brain images also
provides very important information about the size of the tumor. In addition, there are 5
different histogram figures were created regarding the data in Table 4.2. These figures can be

useful for comparing the surface areas and estimating the size of the brain tumor.

The identification of false positives in semantic segmentation is generally done at the pixel
level, whereas global indices like global accuracy over frames or averaged intersection over
union (IoU) on the class mask level are used to measure it. As one of the causes of false-negative
predictions for which the matching ground truth is underrepresented in the training data, there

is a class imbalance. This is often inevitable in semantic segmentation [105].
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Figure 4.17. Total surface areas of the first image
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Figure 4.18. Total surface areas of the second image
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Figure 4.19. Total surface areas of the third image
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Figure 4.20. Total surface areas of the fourth image
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AVERAGE OF 4 IMAGES
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Figure 4.21. Average of total surface areas from 4 images

In these 4 MR brain images used to calculate the total surface areas, the areas of each of the
155 sections were calculated over binary images. Also, the segmented versions of each slice
of these images, the comparison of the ground truth, and predicted labels were performed
using the dice score function. In addition, ground truth and predicted labels for each image
are embedded in segmented brain images. Finally, 3D brain imaging of the tumors was
performed using segmented brain sections in which the labels were embedded. By
performing 3D extraction of tumors, 3-dimensional imaging of only brain tumors was
provided. In the following figures, images are containing these applications for each image.
Figure 4.22 shows the all-test images and their background and tumor prediction ratios with
the false positive and false negative in the form of a confusion matrix. In terms of predicting
the tumor, false prediction ratios were determined as 6.697, 7.146, 13.06, and 2.17,
respectively. For image 1, the original slices with 4 modalities and the application of the

histogram equalization for these modalities are shown in Figure 4.23.
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Figure 4.22. Confusion matrix results for four test images
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Figure 4.23. All imaging modalities for the first image, a) original slices b) histogram
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Figure 4.24. Segmented slices for the first image

Figure 4.23 represents the original MR brain images with 4 modalities and their version of
histogram equalization for all 155 slices. In Figure 4.24 segmented MR brain slices are

shown for the first test image.
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Figure 4.26. Predicted labels for the first image

Original MR slices containing ground truth labels and predicted labels which are obtained
as an output of the proposed neural network can be compared in terms of resemblance for

the first test image in Figure 4.25 and Figure 4.26.
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Figure 4.27. Binary versions of ground truth (a) and predicted (b) labels for the first image
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Figure 4.28. Dice scores of ground truth and predicted labels for the first image

The first step for the calculation of surface areas is to acquire volume information, both

ground truth labels and predicted labels are required to be binarized. The binary version of

the labels is presented in Figure 4.27. Moreover, to evaluate semantic segmentation

numerically dice index metric was used which was mentioned in the previous chapter. Figure

4.28 comprises 20 slices of the first test image and as can be seen the similarity ratio between

ground truth and predicted labels are considerably high.

63



Slice area = 0

Slice ¥1
Slice area = 0

Slice 110
Slice area = 0

Slce #19
Slice area =0

Slkoe #26
Slice area =0

Slice 857
Slice area =0

Slice #46
Slice area =0

Slice #55
Slice area = 15185
-

Slice #64
Slice area = 3715.75

v

Slice 473

Slice area =0

Slice #2
Slice area = 0

Slice 111
Slice area = 0

Shios 920
Slice area =0

Sloe #28
Slice area =0

Sloe ¥38
Slice area =0

Sice 847
Slice area = 14,625

Slice ¥56
Slice area = 1806.375

Sice ¥65
Slice area = 3888.75

Slop #74

Slice area =0

Stioe 03
Slice area =0

Slicea W12
Slice area =0

Slica #21
Slice area =0

Slica #30
Slice area =0

Stice #33
Slice area =0

Slice #43
Slice area =70.625

Sica #57
Slice area = 1978.375

Slice #56
Slice area = 3991.25

Sica #74

Slice area =0

Slice #4
Slice area = 0

Slice M3
Slice area = 0

Slice #22
Slice area =0

Sl #31
Slice area =0

Slce #40
Slice area =0

Slize #49
Slice area =102.25

Slice #56
Slice area = 2190375

Slice #67
Slice area = 4126.125

Slioe #76

Slice area =0

Shioe 05
Slice area =0

Slice ¥14
Slice area =0

Hica #23
Slice area =0

Slica #32
Slice area =0

Slice #41
Slice area =0

Slice #50
Slice area = 175.25

Sica #53
Slice aroa = 2461.375

Sica #53
Slice area =4205.5

Sica #17

Slice area =0

Slice ¥3
Slice area =0

Slice 115
Slice area = 0

Slice #24
Slice area =0

Slice #335
Slice area =0

Slice #42
Slice area =0

Stice 851
Slice area =311

Slice #60

Slice area = 2784.75
Slice #69

Slice area = 4251.125

Sliop #78

Slice area =0

Stioz 07
Slice area = 0

Slice #15
Slice area =0

Sica #25
Slice area =0

Sica #34
Slice area =0

Slice #43
Slice area =0

Sice #52
Slice area = 543.5

Slca #51
Slice area = 3026.375

Siica #70
Slice area = 4334.375

Sica #74%

Slice area =0

Slice #3
Slice area = 0

Slice 117
Slice area =0

Slice #26
Slice area =0

Slice #35
Slice area =0

Slice #44
Slice area =0

Slice #63
Slice area = B67.5

Slice 762
Slice area =3202.5

Slice 771
Slice area = 4381.75

Slioe #80

Figure 4.29. Area calculation of ground truth labels for the first image (slices from
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Figure 4.30. Area calculation of ground truth labels for the first image(slices from 82 to155)

Figure 4.29 and Figure 4.30 represent displays of the ground truth surface area calculation

for each MR slice on the first test image from 1 to 155. As can be seen in these figures, slice

areas without any tumor existence were determined as 0. Other slices with tumors have

different results depending on the tumor’s size.
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Figure 4.31. Area calculation of predicted labels for the first image (slices from 1 to 81)
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Figure 4.32. Area calculation of predicted labels for the first image (slices from 82 to 155)

Surface areas of the predicted labels for the first image are shown in Figure 4.32 and Figure

4.33. The outcome of these surface areas is quite accurate with the ground truth labels except

for a few slices.
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Figure 4.33. Area calculation of the
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Figure 4.34. Area calculation of the brain for the first image (slices from 82 to 155)

Figure 4.33 and Figure 4.34 are the representation of surface areas for the brain on each MR

slice for the first test image. Another important application in this study is to insert labels

into segmented MR slices for imaging brain and tumor in 3D. Figure 4.35 shows the insertion

process and Figure 4.36 represents 3D imaging for the first test image. Figure 4.37 indicates

3D imaging for the real and predicted tumor.
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Figure 4.35. Label insertion into the segmented brain images, a) ground truth, b) predicted
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Figure 4.36. 3D imaging by using segmented brain and label images for the first image,
a) whole brain, b) brain with ground truth and c¢) brain with predicted labels
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Figure 4.37. Brain tumor extraction in 3D for the first image, a) tumor with ground truth

labels, b) tumor with predicted labels

FLAIR

™ TiC T2

b T1 (Hist.Eq.) TAC (Hist.Eq.) T2 (Hist.Eq.)

FLAIR (Hist.Eq.)

Figure 4.38. All imaging modalities for the second image, a) original slices b) histogram
equalization applied
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Figure 4.39. Segmented slices for the second image
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Figure 4.40. Ground truth labels for the second image

Figure 4.41. Predicted labels for the second image

Original images and their version of histogram equalization for the second test image are
shown in Figure 4.38. Then, segmented MR brain slices can be seen in Figure 4.39. Ground
truth and predicted labels for the second image can be compared in terms of understanding

their similarity as a black and white form in Figure 4.40 and Figure 4.41.
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Figure 4.42.Binary versions of ground truth (a) and predicted (b) labels for the second image
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Figure 4.43. Dice scores of ground truth and predicted labels for the second image

Binarized version of ground truth and predicted labels to determine the surface areas of each
slice are stated in Figure 4.42. Dice index values for 20 slices on the second test image are
shown in Figure 4.43. The resemblance with the labels which can be examined in this figure

is significantly accurate.
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Figure 4.44.Area calculation of ground truth labels for the second image(slices from 1 to 81)
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Figure 4.45. Area calculation of ground truth labels for the second image (slices from 82 to
155)

In Figure 4.44 and Figure 4.45, the surface areas of peach slices for the second test image
are examined. According to these figures, the original tumor existence starts from slice # 34
to slice #90. Apart from these slices, there isn’t any tumor information in the original MR

image.
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Figure 4.46. Area calculation of predicted labels for the second image (slices from 1 to 81)
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Figure 4.47. Area calculation of predicted labels for the second image (slices from 82 to 155)

Figure 4.46 and Figure 4.47 indicate the surface areas for the predicted labels on the second
test image. Comparing to ground truth versions of the image, tumor existence can be
analyzed between slices # 37 and #92 which can be interpreted as a significant match with

ground truth.
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Figure 4.48. Area calculation of the brain for the second image (slices from 1 to 81)
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Figure 4.49. Area calculation of the brain for the second image (slices from 82 to 155)

Surface areas of the brain for the second test image are displayed in Figure 4.48 and Figure

4.49. For 3D imaging of the second test image which consists of 155 slices is presented in

Figure 4.51. According to this figure, it can be said that even if the location of the tumor

change, our suggested method is quite effective to find the tumor accurately and display it

in 3D.
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Figure 4.50. Label insertion into the segmented brain images for the second image,
a) ground truth, b) predicted
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Figure 4.51. 3D imaging by using segmented brain and label images for the second image,
a) whole brain, b) brain with ground truth and c) brain with predicted labels

74



Figure 4.52. Brain tumor extraction in 3D for the second image, a) tumor with ground truth
labels, b) tumor with predicted labels
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Figure 4.53. All imaging modalities for the third image, a) original slices b) histogram
equalization applied
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Figure 4.54. Segmented slices for the third image
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Figure 4.55. Ground truth labels for the third image
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Figure 4.56. Predicted labels for the third image

Original and pre-processed slices for the third test image are presented in Figure 4.54.
Segmented MR slices for the same image can be observed in Figure 4.55. In addition, ground

truth and predicted labels are shown in Figure 4.55 and Figure 4.56.
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Figure 4.57. Binary versions of ground truth (a) and predicted (b) labels for the third image
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Figure 4.58. Dice scores of ground truth and predicted labels for the third image

Binarized slices are required to calculate surface areas for ground truth and predicted labels.
These binary images for the third test image are displayed in Figure 4.57. Dice score of 20
slices for the third image which is crucial to emphasize the success of semantic segmentation

is shown in Figure 4.58.
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Figure 4.59. Area calculation of ground truth labels for the third image (slices from 1 to 81)
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Figure 4.60.Area calculation of ground truth labels for the third image(slices from 82 to 155)

For the third test image, tumor existence of ground truth labels can be observed between

slices #53 and #126. The surface area values of these slices can also be shown in Figure 4.59

and Figure 4.60).
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Figure 4.61. Area calculation of predicted labels for the third image (slices from 1 to 81)
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Figure 4.62. Area calculation of predicted labels for the third image (slices from 82 to 155)

Prediction for tumor existence on the third test image is quite accurate. In Figure 4.61 and

Figure 4.62, the formation of the tumor can be examined from slice # 57 to slice # 126 which

is almost the same as the original data.
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Figure 4.63. Area calculation of the brain for the third image (slices from 1 to 81)
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Figuer 4.64. Area calculation of the brain for the third image (slices from 82 to 155)

In order to determine brain volume for the third test image, the area of all slices was
calculated and shown in Figure 4.63 and Figure 4.64. Regardless of the tumor region, our
method works quite efficiently for 3D imaging of the third test image which is shown in

Figure 4.65.
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Figure 4.65. Label insertion into the segmented brain images for the third image,
a) ground truth, b) predicted
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Figure 4.66. 3D imaging by using segmented brain and label images for the third image,
a) whole brain, b) brain with ground truth and ¢) brain with predicted labels
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Figure 4.67. Brain tumor extraction in 3D for the third image, a) tumor with ground truth

labels, b) tumor with predicted labels
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Figure 4.68. All imaging modalities for the fourth image, a) original slices b) histogram
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Figure 4.69. Segmented slices for the fourth image
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Figure 4.70. Ground truth labels for the fourth image

Figure 4.71. Predicted labels for the fourth image

83




Figure 4.72. Binary versions of ground truth (a) and predicted (b) labels for the fourth image
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Figure 4.74. Area calculation of ground truth labels for the fourth image(slices from 1 to 81)
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Figure 4.75.Area calculation of ground truth labels for the fourth image(slices from 82 to

155)

Surface area calculation for the fourth test image was also applied to obtain the volume of

the real tumor. According to Figure 4.74 and Figure 4.75, ground truth labels that indicate

the original tumor existence are shown between slices # 75 and #140.
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Figure 4.76. Area calculation of predicted labels for the fourth image (slices from 1 to 81)
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Figure 4.77. Area calculation of predicted labels for the fourth image (slices from 82 to 155)

Predicted labels which represent the prediction of tumor existence with the proposed method

is shown in Figure 4.76 and 4.77. Even though there are some false predictions compared to

ground truth labels, it is quite efficient to determine the volume of the tumor closed to the

original image.
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Figure 4.78. Area calculation of the brain for the fourth image (slices from 1
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Figure 4.79. Area calculation of the brain for the fourth image (slices from 82 to 155)

In Figure 4.78 and Figure 4.79, surface areas of brain slices for the fourth test image to obtain

the volume are presented.
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Figure 4.80. Label insertion into the segmented brain images for the fourth image,
a) ground truth, b) predicted
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Figure 4.81. 3D imaging by using segmented brain and label images for the fourth image,
a) whole brain, b) brain with ground truth and ¢) brain with predicted labels
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Figure 4.82. Brain tumor extraction in 3D for the fourth image, a) tumor with ground truth
labels, b) tumor with predicted labels

S.DISCUSSION

This method is advantageous since it provides precise measurements of the tumor's diameter,
height, and depth. When comparing the findings of reference studies to our suggested study,
Table 5.1 demonstrates that our methodology has a substantial F-score when compared to
other methodologies. Despite the fact that our accuracy ratio is reasonable, it might be

increased with more memory space or the use of an external GPU device.

Our approach stands out because it uses a custom neural network rather than a pre-trained
network. Furthermore, a contrast with the majority of similar studies reveals high tumor
prediction precision and F-score ratios. Despite some memory problems, we were able to
obtain these impressive results by analyzing 5 MR brain images. Our dice index numbers
display expressive results in terms of evaluating the resemblance between ground truth and
predicted labels, as we discussed earlier in this study. With the ability to use more memory,
our system can become even more effective, allowing us to improve our segmentation
metrics even further. Furthermore, 3D brain imaging with precise tumor location will help
surgeons develop treatment options and extend academic studies in the field of medical

imaging.

By using semantic segmentation with a deep learning network, we attempted to analyze
whole-brain tumor existence. Our assessment metrics indicate that we are capable of
recognizing brain tumors with remarkable precision and accuracy. In addition, 3D imaging
of the brain tumor area was done using three different imaging planes. This method can be

used to investigate MR brain images in a novel way.
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Table 5.1. Comparison between the proposed method and other related methods

Studies Accuracy F- Score
Alqazzaz et - 0.85
al.,2019
Li Sun et 0.61 0.909
al.,2019
Baid et - 0.88
al.,2020
Maharjana 0.98 -
et al.,2020

Ataloglou,et - 0.90
al.,2019
Mathiyalaga 0.98 -
n,et al., 2021
Biswas,et - 0.942
al.,2021
Liu, et al., - 0.81
2020
Biratu, et al., - 0.89
2021
Reddy, et al., 0.95 -
2021
Baid, et al., - 0.80
2017
Proposed 0.957 0.93
method
As can be seen in Table 5.1, the results of our method are compared with several different
studies regarding brain tumor prediction. In terms of calculating the accuracy, the proposed
study has an accuracy ratio of around 96% which can be evaluated as efficiently as the other
studies. In addition, F-score results were also compared which is beneficial to evaluate the
brain tumor existence in even more detail. Our suggested method has one of the highest F-
score at 0.93 among these studies. These metrics are meaningful to understand the outcome

of different types of segmentation applications.

Furthermore, another application that distinguishes our study from other studies is the
calculation of brain tumor volume. As mentioned in the previous section, the calculation of
the brain tumor volume is obtained by calculating the surface areas of each slice in the MR
images and summing them up. The total surface area provides information about the volume
of the brain tumor. In addition, the comparison of the actual tumor sizes with the estimated
tumor sizes and the calculation of how much of these tumors correspond to the brain make

our study stand out.
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There are some limitations of the proposed method. Solving the memory problem will allow
working with more training data and will also allow more test images to be evaluated. At the
same time, the designed deep learning network will be more detailed and contain more
layers. This means that better results can be obtained at the output of the network. The
proposed study correctly identified the region of tumors in the brain and was effective. In
addition, the similarity rates of predicted brain tumors with real tumors were also quite
accurate. However, although the detection of very small tumors was successful regarding
their regions, the similarity rates of the predicted tumors and real tumors were calculated
less accurately. This problem might be prevented by adding more convolution layers that
contain more filters into the neural network to carry out a more detailed application. Even
though there are some restrictions such as lack of memory, the suggested method has been
successful in 3D imaging of brain tumors and calculating their volume. The study differs
from many studies in the literature, especially in this aspect in addition to the effective results

of the semantic segmentation network.

6.CONCLUSION

We introduced a new method for diagnosing whole-brain tumors and showing the exact
tumor area in 3D in this study. Even though our model is highly successful at accurately
predicting brain tumors in MR images, the system's efficiency can be enhanced by
incorporating more class identifications to obtain more knowledge about the type of brain
tumor, as well as increasing the number of training and test data to obtain more results to
improve tumor prognosis. Nevertheless, supplying surgeons with a 3D model of the ground
truth and predicted labels implanted in the brain will help them determine the exact region

and dimensions, such as height, width, and depth.

In conclusion, the suggested approach specifies two separate types, such as ‘background'
and ‘tumor.' Images were fed into a deep learning network using the random patch extraction
process. The mean context prediction ratio was 91.718, while the mean tumor prediction
ratio was 99.756. Other semantic segmentation metrics, such as mean precision, mean loU,
mean BF score, and dice index, were also used to conduct a thorough analysis. These
evaluation criteria have shown positive results. Much more accurate findings can be obtained
in future studies by increasing the number of test images. In addition, 3D imaging of the

brain tumor was completed successfully. As a result, 3D imaging will provide a wide variety

91



of testing for brain tumor analysis in addition to segmentation findings. Finally, in terms of

brain tumor identification and imaging, our research is very successful and promising.

To evaluate this study in general, the fact that brain tumor is a threat to human health and
that it is detected with high accuracy with deep learning techniques has gained great
importance in the light of technological developments in this field. Diagnosis, segmentation,
and classification of brain tumors by physicians is time-consuming and mostly based on their
knowledge and experience. Thanks to the advancing artificial intelligence technologies,

accurate and precise diagnosis of the tumor minimize human-induced errors.

The deep learning network and semantic segmentation technique used in this study were
used to detect tumors with high sensitivity, similarity, and accuracy. In addition, using
segmented brain sections and predicted labels obtained at the final layer of this deep learning
network, they were compared with ground truth labels, and very promising results were
obtained. After comparing the similarities of these labels, they were placed in segmented

brain sections. 3D visual comparisons were made with these images.

Finally, in order to obtain volumetric information, the surface areas of all sections in each
MR test image were calculated and the total surface area values were obtained for the brain,
ground truth labels, and predicted labels. These data were very informative about the size of
the brain tumor and about the size of the brain tumor and how much of the total volume the
brain occupies. As stated in the previous section, calculating the surface areas of the brain,
real and predicted labels, and applying this process to all sections is very useful in terms of
comparing tumor volume information. In addition, the volumetric sizes of the actual label
and the predicted labels are calculated in percentage, showing how much of the brain is
covered by the tumors obtained with real labels and predicted labels. As a result, the
estimated volume values are very close to the actual volume values, showing that this study
can determine the presence of tumors by the deep learning method and tumor size by surface

area algorithm.

The motivation of this study was determined as automatic detection of tumors in the brain
with high accuracy using a deep learning network. Also, calculating the volumes of brain
tumors and how much these tumors correspond to the total brain volume are among other
purposes of the study. This study can provide a significant advantage in brain tumor

diagnosis as it enables brain tumors to be detected automatically. In addition, the calculation
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of the brain tumor volume and 3D modeling will facilitate clear visualization of the tumor

region and understanding the size of the tumor.

In conclusion, the application of such automatic segmentation techniques for tumor detection
using deep learning networks is increasing day by day. It may be possible to further increase
diagnostic accuracy by using pre-trained or hybrid networks. Creating the necessary memory

space to use even more training and test image data can also have positive effects.
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