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ABSTRACT

MSc THESIS

A METHOD FOR BRAIN TUMOR CLASSIFICATION FROM MRI
IMAGES USING DEEP LEARNING AND IMAGE ENHANCEMENT
TECHNIQUES

KEREM SALCIN

CUKUROVA UNIVERSITY
INSTITUTE OF NATURAL AND APPLIED SCIENCES
DEPARTMENT OF ELECTRICAL AND ELECTRONICS ENGINEERING

Supervisor : Assist. Prof. Dr. Ercan AVSAR
Year: 2019, Pages: 51
Juries : Asst. Prof. Dr. Ercan AVSAR

: Assoc. Prof. Dr. Sami ARICA
: Asst. Prof. Dr. Emine AVSAR AYDIN

Magnetic resonance imaging (MRI) is a useful method for diagnosis of
tumors in human brain. In this work, MRI images have been analyzed to detect the
regions containing tumor and classify these regions into three different tumor
categories: meningioma, glioma, and pituitary. Deep learning is a relatively recent
and powerful method for image classification tasks. Therefore, faster Region-based
Convolutional Neural Networks (faster R-CNN), a deep learning method, has been
utilized in this study. A publicly available dataset containing 3,064 MRI brain
images (708 meningioma, 1426 glioma, 930 pituitary) of 233 patients is used for
training and testing of the classifier. It has been shown that faster R-CNN method
can yield an accuracy of 93.14% which is higher than the related work using the
same dataset.

Keywords: Deep Learning, Convolutional Neural Network, Faster R-CNN,
Classification, Brain Tumor
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YUKSEK LiSANS TEZi

DERIN OGRENME VE GORUNTU iYILESTIRME TEKNIKLERI
ILE BEYIN TUMORLERININ MR GORUNTULERI
KULLANILARAK SINIFLANDIRILMASI

Kerem SALCIN

CUKUROVA UNIVERSITESI
FEN BiLiMLE.Ri ENSTITUSU
ELEKTRIK ELEKTRONIK MUHENDISLIiGi ANABILIiM DALI

Danigman : Dr. Ogr. Uyesi Ercan AVSAR
Yil: 2019, Sayfa: 51
Jiiri : Dr. Ogr. Uyesi Ercan AVSAR

: Dog. Dr. Sami ARICA
: Dr. Ogr. Uyesi Emine AVSAR AYDIN

Manyetik rezonans (MR) insan beynindeki tiimorlerin tanisinda yararli bir
yontemdir. Bu ¢alismada, tiimdr igeren bolgeleri tespit etmek ve bu bolgeleri iic
farkli tiimor kategorisinde (meningioma, glioma, pituitary) siniflandirmak i¢in MRI
goriintlileri analiz edilmistir. Derin 6grenme, goriintii siniflandirma isleri igin
nispeten yeni ve giiglii bir yontemdir. Bu nedenle, bu ¢alismada bir deep learning
metodu olan faster R-CNN kullanilmigtir. Siniflandirici egitimi ve testi igin 233
hastanin 3064 beyin MR goriintiilerini (708 meningioma, 1426 glioma, 930
pituitary) igeren kamuya agik veriseti kullanilmistir. Faster R-CNN yontemi ile
% 93.14 oraninda bir bagarim saglanmistir ve bu oran ayni veri setini kullanan benzer
calismalardan daha yiiksektir.

Anahtar kelimeler: Derin Ogrenme, Konvoliisyonel Sinir Agi, Faster R-CNN,
Smiflandirma, Beyin Timori
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EXTENDED ABSTRACT

Brain tumor is reported to one of the deadliest type of cancer. There are
numerous types of brain tumors. In this thesis, three types of tumors namely, glioma,
meningioma and pituitary were examined. It is possible to diagnose tumors by means
of various medical imaging modalities. Magnetic resonance imaging (MRI) is one
these modalities and it provides a unique appearance in visualization of soft tissues
with spatial resolution and contrast resolution. MRI images are visually observed by
human experts for possible abnormalities. This procedure requires experience and
prone to human-related errors. On the other hand, medical diagnosis systems exist
that may help these experts in observing MRI images. Such systems basically
involve processing of images and recognizing the related tumor area automatically.
Therefore, the aim of this study is to develop a method that facilitates the detection

and classification of tumors and to allow doctors to save time during diagnosis.

In this work, Faster R-CNN, a deep learning method, is used for detection of
the brain tumous in MRI images. Deep learning is an artificial intelligence method
which imitates the workings of the human brain in processing data and creating
patterns for use in decision making. A Convolutional Neural Network (CNN) is a
deep learning algorithm that gets an input image, gain importance to various objects
in the image (learnable weights and biases) and distinguish one from the other.
Therefore, they are mainly used for classifying images, clustering with similarities
(photo searching) and making object recognition in scenes. It is possible to tell the
class of the objects within an image via CNN; however, it does not return any
location information. In order to find the object location, region based CNN (R-
CNN) method has been developed. Faster R-CNN is an advanced version of R-CNN

allowing for a classification with higher accuracy in a shorter time.
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The public datasets for brain tumors were searched and a dataset consisting
of 3064 brain MRI images of 233 patients with 3 different brain tumors is used in
this thesis. Also, two spatial image enhancement techniques, namely, histogram
equalization and unsharp masking, are applied to the same dataset. In order to
observe the effects of image enhancement on classification performance, three
different Faster R-CNN models are trained using original database images, images
processed with histogram equalization and unsharp masking, respectively. All the
programming has been carried out using Python programming language (v3.6.6) and

Tensorflow (v1.12.0) library is used for training and testing of the classifier.

612 samples (constituting 20% of the dataset) are used for testing the faster
R-CNN models. In tensorflow library, the minimum softmax probability value for
assigning a class label to a detected tumor is set as 0.8 by default. This means that a
tumor is left unclassified if the associated probability value is smaller than 0.8. By
changing this probability threshold, a change in number of unclassified and
misclassified samples is observed. Three confusion matrices belonging to three
different threshold values (0.8, 0.66, and 0.5) are generated and five performance
metrics (accuracy, precision, sensitivity, specificity, f-score) from these matrices are
calculated. This procedure is repeated for three different classifiers and their results
are compared. It has been observed that unsharp masking has positive effect and
histogram equalization has negative effect on the performance. The highest
classification accuracy (93.14%) is obtained with unsharp masked images when the

threshold is 0.5.
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1. INTRODUCTION Kerem SALCIN

1. INTRODUCTION

1.1. Brain and Brain Tumor

Cancer is one of the major causes of death today. According to the reports
of World Health Organization (WHO), it is estimated that 9.6 million people
worldwide died of cancer in 2018 (www.who.int). 30-50% of these were preventable
with early diagnosis. Among types of cancer, brain tumor is one of the deadliest one.
According to statistics, in 2019, it is predicted that approximately 18000 adults can
die from brain tumors (wWww.cancer.net).

A tumor which can be malign or benign starts when the DNA of cells is
harmed. As a result of this change in genetic structure of the cells, the division of the
cells becomes uncontrolled and eventually a mass is formed. A malign tumor is said
to be cancerous. This means that if it is not diagnosed at early stages, it may grow
and spread to different parts of the body. On the other hand, a benign tumor may
grow too but it does not spread. Most of the times a benign tumor can usually be
removed without much damage (www.cancer.net).

A tumor may grow on any tissue of the human body, including brain. The
brain consists of 4 main section which are the cerebrum, the cerebellum, the brain
stem and the meninges. The cerebrum is the biggest section of the brain consisting
of two cerebral hemispheres on both sides of the brain. It is divided into four lobes
with special functions. These are frontal lobe, parietal lobe, temporal lobe and
occipital lobe. The frontal lobe controls expressive speech, reasoning, movement,
emotions and problem-solving. The parietal lobe controls the sensations of touch.
For instance, temperature, pressure and pain etc. And also, it controls calculation,
parts of speech and visual-spatial orientation. The temporal lobe controls special
senses like hearing, memory and the skill to understand written or spoken words.
The occipital lobe controls vision. The cerebellum is positioned at the rear side of
the brain under the cerebrum. It is responsible for controls functions, balance and

coordination on the same part of the body. The brain stem is the section of the brain
1



1. INTRODUCTION Kerem SALCIN

that connects to the cerebellum and the spinal cord. It controls involuntary functions
crucial for life. For example, breathing and beating of the heart etc. Messages for the
functions which controlled by the cerebellum and cerebrum move through the brain
stem to the body. The meninges are the membranes which protect and surround the
brain and spinal cord. There are three meningeal layers which called the arachnoid,
pia mater and dura mater. The cerebrospinal fluid (CSF) is made close the brain's
center in the lateral ventricles. CSF circulates around spinal cord and the brain

between the pia layers and arachnoid (www.cancer.net).

Frontal lobe

Left hemisphere
Parietal lobe

Occipital lobe

> Cerebrum

Cerebellum
Temporal lobe

Spinal cord Brain stem

Figure 1.1. Part of Brain

There are numerous types of brain tumors. However, in this thesis three

types of tumors namely, glioma, meningioma and pituitary were examined.
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Glioma is a kind of tumor which occurs in the brain and spinal cord. Glioma
starts in the gluey supportive cells (glial cells) which enclose nerve cells and help
them work. Three kinds of glial cells can generate tumors. Gliomas are categorized
according to the kind of glial cell included in the tumor which can help estimate how
the tumor will act in time and the cures most likely to work. A glioma can impact
brain functions and be life-threatening depending on its position and growth rate.
Gliomas are one of the most widespread kinds of primary brain tumors. This type of
glioma helps determine the treatment and prognosis. In general, glioma treatment
choices contain experimental clinical trials, chemotherapy, surgery, radiation
therapy and targeted therapy (www.mayoclinic.org).

A meningioma is a type of tumor that arises from the meninges — the
membranes that surround the brain and spinal cord. Meningioma is the most
widespread kind of tumor that forms in the brain. Most meningiomas grow very
slowly, often over many years without any significant symptoms. But in some cases,
their effects on adjacent brain tissue, nerves or vessels may cause serious disability.
Meningiomas most usually seen in women, and are often found at older ages, but a
meningioma may be seen at any age. Because most meningiomas grow slowly, often
without any causing symptoms, they do not always necessary urgent cure and may
be monitored over time (www.mayoclinic.org).

Pituitary tumors are anomalous growths which evolve in pituitary gland of
the brain. Some pituitary tumors may cause decrement in the level of some hormones
which adjust significant functions of your body. Most pituitary tumors are non-
cancerous (benign) growths which is called adenomas. Adenomas remain in your
pituitary gland surrounding tissues and don't spread to other sides of the body

(www.mayoclinic.org).
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1.2. Magnetic Resonance Imaging

High quality images of the body part under investigation can be obtained
through magnetic resonance imaging (MRI). It is a frequently used method for the
detection of brain tumors. Especially in brain imaging, the MRI method provides a
unique appearance in visualization of soft tissues with spatial resolution and contrast
resolution. It is a great advantage for MRI that it can be applied without giving no
damage to the patient (Demirhan and Giiler, 2014). Sample MRI images for three

tumor types are given in Figure 1.2.

(b)
Figure 1.2. Images containing different types of brain tumors.
a) Meningioma b) Glioma c) Pituitary

1.3. Deep Learning

With the developing technology, various methods have been used in the
detection and classification of brain tumors. In recent years, deep learning has come
to the forefront with the development of artificial intelligence (AI). Deep learning is
an Al method which imitates the workings of the human brain in processing data and
creating patterns for use in decision making. It is a subset of machine learning in Al.
Also known as deep neural network (www.investopedia.com). Deep learning lets
computational models, which are composed of multiple processing layers, to learn
representations of data with multiple levels of abstraction. These methods have

significantly improved the latest technology in speech recognition, visual object

4
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recognition, object detection and many other areas such as drug discovery and
genomics. Deep learning explorers complex structure in big data sets by using the
backpropagation algorithm to show how a machine should change its internal
parameters that are used to compute the representation in each layer from the
representation in the previous layer (LeCun, Bengio and Hinton ,2015).

A Convolutional Neural Network (CNN) is a deep learning algorithm that
can get an input image, gain importance to various objects in the image (learnable
weights and biases) and distinguish one from the other. Therefore, they are mainly
used for classifying images, clustering with similarities (photo searching) and
making object recognition in scenes.

The architecture of a CNN is similar to the connection model of neurons in
the human brain and is inspired by the organization of visual cortex. Individual
neurons respond to stimuli only in a limited region of the visual field known as the
receptive field. A collection of such areas overlaps to cover the entire visual area
(towardsdatascience.com).

The effectiveness of CNNs in image recognition is one of the main reasons
why the world is awakened by the effectiveness of deep learning. They reinforce
significant advances in computer vision (CV), which has specific applications for
robotics, safety, self-driving automobiles, drones, medical diagnostics and
treatments for the visually impaired (skymind.ai).

A typical CNN can decide whether an image contains an object but without
its location information. On the other hand, region-based CNN (R-CNN), an

extended version of CNN, is mainly used for locating objects in images.

1.4. Tensorflow

With the development of deep learning over time, various libraries have
begun to be used to increase the accuracy and speed of processing datasets. One of
these is the TensorFlow library which was launched as an open source project and is

commonly used for machine learning research. TensorFlow library operates at major
5
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scale and in different environments. TensorFlow uses dataflow graphs to represent
computation, shared state and the operations changing that state. It maps the nodes
of a data flow chart on multiple machines in a cluster and multiple computing
devices, including multi-core processors, general-purpose GPUs, and specially
designed ASICs known as Tensor Processing Units (TPUs) on one machine. That
architecture adds flexibility to the application developer: whereas in previous
“parameter server” designs the management of shared state is built into the system,
TensorFlow enables developers to experiment with new optimizations and training
algorithms. TensorFlow supports a variety of applications, with a focus on training

and inference on deep neural networks (www.usenix.org).

1.5. Problem Statement

Today image processing plays an important role in medical field and medical
imaging is a growing and challenging field. Medical imaging is advantageous in
diagnosis of some diseases. Many people suffer from brain tumor which is a serious
and dangerous disease. Medical imaging provides proper diagnosis of brain tumor
(Deepa and Singh, 2016).

With the emergence of modern medical imaging modalities, the presence of
most abnormalities in the human brain has completely been detectable. Among these
modalities, MRI holds a special position in detection of brain tumors owing to its
many advantages. But, it has been observed that manual detection of tumor, which
is the current scenario in medical science, is a time consuming process. The manual
detection delays the further treatment of the patient which acts as a risk to the
patient’s life. Also the medical procedure of biopsy, which involves insertion of
medical instrument in the human brain, performed to collect information about the
status of the tumor, also leaves its post-surgical effects on the patient. Thus, the
detection and classification of the tumor may take hours. Taking a small step to
overcome these limitations, a computer-aided diagnosis system, faster and more

successful than manual ones, is proposed (Nilakshi and Bhattacharyya, 2018).
6
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In this thesis, MRI brain images are analyzed using faster R-CNN method to
detect and locate tumors in the images. This method has been chosen because it can
perform classification with higher accuracy and speed than regular R-CNN. Besides,
effects of image enhancement methods like histogram equalization and unsharp
masking on the classification accuracy has been investigated. It should be noted that
classification performance of Faster R-CNN method and these image enhancement
techniques have not been investigated on this problem yet. All of the coding is
performed with Python programming language (version 3.6.6) and implementation
of deep learning model is done via tensorflow library (www.tensorflow.org).

The major contributions of the thesis may be listed as follows:

e Faster R-CNN method has been implemented using Tensorflow for
classifying and locating the brain tumors.

e Effects of two different image enhancement methods (histogram
equalization and unsharp masking) on the classification performance
have been investigated.

e It has been observed that unsharp masking has positive effect on the
performance. On the other hand, histogram equalization has negative

effect.

1.6. Outline of the Thesis

The rest of this thesis is organized as follows. In chapter 2 related works are
summarized for the classification of brain tumors. In chapter 3, materials and
methods which are used in this thesis are explained. In chapter 4, results obtained
from our study are presented and discussed. In chapter 5, our results are compared
with the related works, and the contributions made in this thesis are discussed.

Suggestions for future studies are presented in chapter 5.
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2. RELATED WORKS Kerem SALCIN

2. RELATED WORKS

Brain tumor detection and classification problem has taken attention of many
researchers for years. Therefore, various methods have been developed to solve this
problem and most of these methods utilizes MRI images together with machine
learning and image processing algorithms.

Among too many number of studies dealing with brain tumor detection
problem, deep learning, artificial neural networks (ANN), support vector machines
(SVM), Fourier transform and wavelet transform are the methods most commonly
used. For example, SVM and Berkeley Wavelet Transformation (BWT) is used to
detect normal and abnormal tissues from MRI brain images in the method proposed
by Shree and Kumar (2018). Fast Fourier Transform (FFT) and Minimal
Redundancy-Maximal Relevance (MRMR) techniques were used by Salem and
Alfonso (2016) for the classification of brain tumors. Principle Component Analysis
(PCA) and Radial Basis Function (RBF) were used by Kumar and Vijayakumar
(2015) for the detection and classification of brain tumor MRI and better results were
obtained. A multi-class brain tumor classification was proposed Sachdeva et. al.
(2015). It consists T1-weighted MRI images and statistical texture and intensity
features trained by ANN. The accuracy of this method was increased from 77% to
91% by reducing the size of the properties vector using PCA. In another study, a
method for the detection and classification of brain tumors based on extracting shape,
tissue and density characteristics from ROI, fragmented by multiple kernel
probabilistic clustering (MKPC), were discussed by Sachdeva et al. (2013). And
also, the extracted features were optimized by sachdeva et al. using linear
discriminant analysis (LDA) and then trained by a deep neural network. A method
for diagnosis of multiple sclerosis patients based on T2 MRI images were proposed
Faro et. al. (2015). And this diagnosis was performed with 95% accuracy. In a new
study, tissue properties were based on gray-level mapping. The statistical moments

of the gray-level histogram were trained by using multilayer perceptron (MLP) by
9
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Chato and Latifi (2017). The algorithm proposed by Lakshmi and Arivoli (2012)
occurs four main sections. First section is pre-processing section. Next section is the
extraction of the features. Thirdly is the classification of the features. Last and fourth
section is detection the position of a brain tumor. The pre-processing section is to
arrange the images to join the feature extraction section. In the second section,
feature extraction method, like wavelet and GLCM, is used for the feature extraction.
Then, these features are classified using adaptive neuro-fuzzy inference system
(ANFIS) classification algorithm. In the last section, the tumor and tumor related
fields are detected. A method that divides the images into cancerous and non-
cancerous parts were proposed John et. al. (2012). The proposed algorithm contains
three sections. In the first section, the images were converted to diverse grades of
coefficients using discrete wavelet transform (DWT). Then the color intensity matrix
was obtained. Using that matrix, features like solidarity, energy and some other
features which related to the texture of images are extracted. In the final section, the
type of class which each image belongs to is determined. A new method for brain
tumor classification were proposed Cheng et. al. (2015). They have shown which
using the increased tumor site as ROI may have a better effect on diagnosis and
classification of brain tumor images. Three methods were used for feature extraction.
These are intensity histogram, gray level co-occurrence matrix (GLCM) and bag-of-
words (BoW). Between the other methods, bag-of-words (BoW) shows better result
with 91.28% accuracy according to obtained results. How machine learning methods
are useful in detecting tumor in MRI images were shown by Komal Sharma et al.
(2013). They use two different methods which are Multilayer Perceptron (MLP) and
Naive Bayes. The study using Multilayer Perceptron the success rate was 98.6%.
And, the study using Naive Bayes the success rate was 97.6%. GLCM was used as
a feature extractor. Texture feature like correlation, contrast, homogeneity were used
to detect tumor characteristics. A system based on unsupervised learning Neural
Network for brain tumor detection were proposed Goswami and Bhaiya (2013).

Independent Component Analysis (ICA) were used for feature extraction and Self
10
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Organized Map (SOM) were used for classification. To segment the brain into
different tissue, segmentation was done by using k-means clustering algorithm.
According to results, using this method 98.6 % accuracy was achieved. Neural
network were used by the study of Ibrahim, Osman and Mohamed (2013) to classify
MRI images. PCA (Principle component analysis) technique were used to reduce
dimensionality in data. The dataset from CIPR database were used by them. For
training and testing the algorithm 3x58 images were used. Accuracy of classification
obtained from results was 96.33%. A system based on classification of brain cancer
by means of artificial neural network were proposed by Joshi et. al. (2010). GLCM
were used for feature extraction. For the pre-processing section was done by using
image processing techniques like morphological operation, histogram enhancement.
Neuro fuzzy classifier was used to classify the brain tumor into different classes.
Their results have shown that their system was efficient enough to classify different
brain tumor. A system built on Adaboost classifier to diagnose brain tumor in MR
images were proposed by Prabin and Veerappan (2014).While classification was
done using the Adaboost classifier, the wavelet transform and the level set method
were used for feature extraction. Their results show that the accuracy rate of
Adaboost classifier is better than compared tumor classification methods like Radial
Basis Function (RBF) and Feed forward neural network (FFNN). And also, PCA
method was used for dimensionality reduction. A method based on Adaboost
classifier to detect brain tumors in MR images Ghanavati et al. (2012). Gadolinium
contrast agent were used for image modalities. Intensity, deformation, shape and
texture feature were used as the classification feature. Training and testing were
perform on the multimodal MRI images. The results showed good performance with
90.11% accuracy. A system based on neural network based Adaboost algorithm to
detect a tumor in brain MRI were proposed by Babu and Begum (2015). An
improved patient self-reliant tumor clustering scheme were proposed using
Adaboost procedure. Brain Tumor Segmentation (BraTS) 2012 dataset was used as

a dataset. The results demonstrate that segmented results are more stable and show
11
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average performance for patients. A system based on brain tumor detection in
magnetic resonance imaging where they have used Back-Propagation Neural
Networks (BPNN) and K-Nearest Neighbors (KNN) as a classifier were proposed
by Gadpayle and Mahajani (2013). GLCM were used for feature extraction. The
parameters were obtained like Dissimilarity, Entropy, Contrast, Homogeneity and
Inverse Difference Moment by using GLCM. The Results demonstrate that BPNN
has 72.5% and KNN has 70% accuracy for unseen images.

A technique called Fuzzy partition entropy with genetic algorithm were
proposed by Yu and Fan (2008). Although they had chosen optimal parameters,
practical implementation was difficult. Texture and automatic segmentation with
seeded region growing algorithm to determine abnormal tissues in brain MRI images
were proposed by Kumar and Mehta (2011). However, they consumed much time.
Symmetry analysis algorithm to detect the stages of disease were implemented by
Roy and Bandyopadhyay (2012). Brain tumor detection system using K-means
clustering technique with BPN Classifier were proposed by Meenakshi and
Anandhakumar (2012). Different segmentation techniques was applied by Haritha
(2016), such as Local Binary Patterns (LBP), K-means, Morphological operations
along with edge detection. If compare the order of the application, LBP, k-means
and edge detection accuracy were great, respectively. Automatic brain tumor
detection system with the help of preprocessing, morphological operations and
threshold segmentation techniques were introduced by Akram and Anam (2011) to
predict brain tumor. A system to identify the location of brain tumor were proposed
by Neda and Hamid (2012). Thus, they segmented the brain images with better
results. A segmentation algorithm were proposed by Debnath and Tai (2011) to
detect abnormal tissues in brain. A fuzzy classifier to detect abnormal cells using
biochemical features were proposed by Ouseph and Shruti (2016). A segmentation
method on convolution neural network were proposed Pereira et al. (2016) to identify

tumor in brain.

12
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As one of the machine learning methods, deep learning is relatively recent
and a popular method. It is highly effective in solving medical image analysis
problems including lung cancer diagnosis (Sun,Zheng, and Qian, 2016), tibial
cartilage segmentation (Prasoon et al., 2017) and brain tumor detection (Havai et al.,
2017; Isimn, Direkoglu, and Sah, 2016; Zhang et al., 2016; Urban et al., 2014). Using
deep learning methods, automatic segmentation has been successfully performed on
large amounts of MRI images (Havai et al., 2017; Isin, Direkoglu, and Sah, 2016).
In particular, CNN-based algorithms for automated MRI segmentation for brain
tumor yielded successful results by distinguishing distinctive features (Urban et al.,
2014).

Between the deep learning based approaches for brain tumor segmentation
CNN-based methods outperformed others. In other words, CNN has become a
preferred methodology and has been widely applied in various medical image tasks
and has shown promising results (Urban et al, 2014; Radiation Oncology Branch,
2018; Chen et al., 2018; Chen et al., 2018; Cullen and Avants, 2018; Igbal et al.,
2018; Wachinger, Reuter and Klein, 2018: Zhao et al., 2018).

In order to grade brain tumors, various layers of CNNs are trained in the
method by Pan et al. (2015). However, they report that low number of training data
causes problems in classifying the brain tumors. Pereira et al. (2016) applied to brain
tumor segmentation using 3 x 3 convolution filters in MRI scans. The use of small
filters is a form of regulation to prevent over-fitting by minimizing the number of
parameters in the network. Using the BraTS validation tool, they achieved Dice
scores of 88% for whole tumor, 83% for tumor core, and 77% for active tumor. One
of the most successful examples in the context of MRI brain tumor segmentation is
the work of Havaei et al. (2015). A cascaded two pathway CNN architecture that
removes little and bigger sized patches at the same time were proposed by them. The
cascaded CNN processes regional and universal details of the brain MRI. While
being centered at the same point, the regional and universal patches are removed. A

CNN processes the universal patches first, and then combined with the local patches
13
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and fed to a two-way CNN with 7x7 filters in one path and 13 x 13 filters in the
other. To avoid class unbalance, they propose a two phase training. It consists on
training the CNN first with a balanced distribution of classes and then training it with
a representative distribution of the original images. Kamnitsas et al. (2015) also
propose a multi-path network but use 3D filters. When using these networks in a
fully connected manner, the pooling layers cause a loss of resolution in the output.
Because of this loss of resolution, it is common to add an upsampling path with skip
connections to aid in recovering high-resolution detail (Long, Shelhamer and
Darrell, 2015). The popular U-Net architecture uses a symmetric network with
downsampling followed by upsampling with skip connections in between (Isensee
et al, 2017; Ronneberger, Fischer and Brox, 2015). An exciting but relatively
undiscovered alternative to downsampling and upsampling is the use of dilated
convolutions (Yu and Koltun, 2016; Yu, Koltun and Funkhouser, 2017). Dilated
convolutions let the network to look at bigger comprehensive areas without an
exponential rise in parameters. They have been demonstrated to achieve perfect
results on overall image segmentation datasets. But, the implementation of dilated
convolutional neural networks to medical image analysis has not achieved enough
success. In recent study, a modification of the Dilated Residual Network by Yu et al.
(2017) was introduced and it was applied to brain tumor segmentation in MRI scans.
The network was evaluated by training and testing on the BraTS 2017 challenge
dataset (Bjoern et al, 2015). To address the severe label imbalance in the dataset, a
balanced patch-based sampling approach was adopted for training. An ablation study
which confirms the importance of residual connections in the network design were
performed.

11-layers deep, three dimensional Convolutional Neural Network for the
challenging task of brain lesion segmentation were presented by Kamnitsas et al.
(2017). Dual pathway architecture to incorporate both regional and bigger contextual
information were applied by them. At the last part, a 3D fully connected conditional

random area was used for soft segmentation, which effectively extract false
14
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positives. Similarly, Havaei et. al. (2017) simultaneously exploited local contextual
features, together with universal contextual features by using two different CNN
paths, unified at the last layer.

This study is a unique study for the detection and classification of brain
tumors using tensorflow library. The study is not only limited to the detection and
classification of brain tumors but also serves as an example for the detection and
classification of tumors in other parts of the body. Dissemination of the application

will make significant contributions to the literature.
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3. MATERIALS AND METHODS

3.1. Background

It is possible to tell the class of the objects within an image via CNN;
however, it does not return any location information. In order to find the object
location R-CNN method has been developed. In R-CNN, some candidate regions of
the image are selected with some region proposal functions. These regions are
cropped and resized to be classified by CNN method. One improved method of R-
CNN is fast R-CNN where the entire image is processed rather than cropping the
image and resizing the cropped parts. Region proposal functions used in fast R-CNN
as well. But unlike CNN, these regions are not processed directly; CNN features
corresponding to each region proposal are pooled by fast R-CNN method.
Generation of region proposals in a faster and better way is achieved by region
proposal network (RPN). Faster R-CNN method introduces RPN directly in the
network thereby enables a higher classifier performance (Ezhilarasi and

Varalakshmi, 2018). Comparison of these methods are summarized in Table 3.1.

17



3. MATERIALS AND METHODS

Kerem SALCIN

Table 3.1. Comparison of Types of CNN

APPROXIMATE
TIME FOR
METHOD PROPERTIES PREDICTION DISADVANTAGES
(sec)
A number of regions are Nur.nber.of r.equwed
. regions is high for an
created from the image. -
L accurate prediction.
CNN Then each reagion is -
- As aresult, the
classified separately. L
computation time is
high.
Three different
classifiers are used
. for class assignment.
The regions are .
; . Besides, each of the
generated in a selective reqions are
R-CNN manner. About two- 40-50 9
: processed
thousand regions are .
A i separately. This
P ge. results in a high
computation time.
Related feature maps are
extracted by feding the Even though the
image only one time to number of classifiers
the CNN. The three is reduced, the
Fast R- classifiers in R-CNN 5 search algorithm for
CNN method are meged and selecting feature
only the selected feature maps slows down
maps are used for the procedure.
predictions.
Due to the cascaded
systems, the error in
. one of the systems is
Region proposal network,
. passed to the next
a very fast method, is
Faster R- utilized instead of 0.2 one. Thus,
CNN ' performance of a

selective search.

system may be low
because of a bad
input.
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The process of building a CNN involves six main steps: Convolution,
Rectified linear unit (ReLU), Pooling, Flattening, Fully connected layers, and
Softmax function (Figure 3.1.). At the initial step, a number of convolution filters
are applied to the input image to activate certain features from the images. In order
to increase the training speed, negative values are mapped to zero and positive values
remained unchanged in ReLU step. The purpose of pooling step is to simplify the
output by performing nonlinear downsampling, and hence reducing the number of
parameters that the network needs to learn about. These three operations are repeated
over tens or hundreds of layers, with each layer learning to detect different features.
In the flattening step, all two-dimensional arrays are transformed into one single
linear vector. Such a process is needed for fully connected layers to be used after
convolutional layers. Fully connected layers are able to combine the entire local
features of the previous convolutional layers. The procedure is finished with

application of softmax function to provide the final classification output.

INPUT

\

Pooling

Convolution
+ RELU

Feature Extraction

Y

Flattening F Coizgz,te d F Softmax

Classification

v

OUTPUT

Figure 3.1. Structure of CNN
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3.1.1. Convolution
Convolution of two functions is basically rotating one function by 180°

about its origin and sliding it past the other. At each slidig step, a mathematical

calculation is performed. Mathematically, this operation is defined as:

F(O) * h(t) = f FR(t 1) dr G.1)

= joof(t —1h(7) dt (3.2)

Here the minus sign is for the rotating step, t is the displacement at each
sliding step, and t is a dummy variable for integration. The result of this convolution
operation is named as feature map (other known names are activation map and
convolved feature map). The input functions of the equation (3.1) are the input image
and the convolution filter. The input image is the one being processed and classified.
The convolution filter (also known as kernel matrix or feature detector) is an m X m
matrix where m is an odd integer and is usuall equal to three or seven.

At the end of the convolution step, the size of the image is reduced, hence it
becomes easier and faster to carry out the upcoming steps. Even though some
features of the input image are lost, the principal features significant for the overall
detection are preserved. Also, due to the high number of feature maps created, total

loss of important information in the image is kept low.

3.1.2. Rectified Linear Unit (ReLU)

This step takes its name from the non-linear rectifier functions that are
applied to improve the nonlinearity in the network. By the nature of the object
detection problem, the objects in the images are not linear to each other. Therefore,

this problem should be treated as a non-linear problem and it is accomplished by the

20


https://en.wikipedia.org/wiki/Convolution?source=post_page---------------------------

3. MATERIALS AND METHODS Kerem SALCIN

rectifier functions. ReLLU layer involves an activation function that is applied to the
entire data. The obtained matrix after this step is named as rectified feature map.
Some rectifier functions are given in figure 3.2. and the related equations are

provided in equations 3.3, 3.4 and 3.5.

(a) (b) (c)
Figure 3.2 Types of Rectified Linear Unit a) ReL.U b) Leaky ReLU c) ELU

ReLU: g(2) = max(0,z) 3.3)

Leaky ReLU: g(z) = max(ez,z) withe <1 (3.4)

ELU: g9(2) =max(a(e? —1),z) witha<1 (3.9
3.1.3. Pooling

Regardless of the size, rotation, illumination and location of the object in the
image, the CNN should be able to detect it. This concept is known as spatial
invariance which is accomplished by the pooling step in training of a CNN model.

In the pooling procedure, a pooling filter is shifted over the entire input
matrix with predefined size of steps. At each step, output of the filter is recorded to
generate a pooled feature map. Conventionally, steps are chosen to be equal to the
size of the pooling filter so that pooling is performed on the non-overlapping regions
of the input matrix. According to the type of the pooling filter different types of
pooling may be obtained such as average pooling, max pooling and min pooling. An

example of max pooling with 2x2 filters and a stride of 2 is illustrated in Figure 3.3.
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The pooling step may be considered as a dimensionality reduction method
as the dimension of the resulting pooled feature map is smaller than the input feature
map. So it makes contribution to processing speed of the algorithm. Furthermore,
max pooling keeps the significant features of the image. These properties are
important for preventing overfitting which is likely to occur when too much

irrelevant information is provided to the CNN.

Rectified feature map

1 4 Pooled feature map
2 6 max pooling with 2x2 filters G
and stricle 2
o| 7 l 4
3|1

Max(3,.4,1,2) =4

Figure 3.3. Example of Pooling

3.1.4. Flattening
The obtained pooled feature map in the previous step is converted into a one
dimensional vector. This process is named as flattening. The flattened vector is then

sent to fully connected layer for classification of the images.
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Figure 3.4. Example of Flattening

3.1.5. Full Connected Layers

The term fully connected means that every neuron in a layer has connection
to all neurons in the following layer (Figure 3.5). The principle of fully connected
layers is same as the well-known multilayer perceptron. Basically, the flattened
feature vectors are used as input to a fully connected neural network. Optimization
of the weights in the network and minimization of the prediction error is done via
backpropagation. Eventually, class scores for the flattened vectors are calculated at

the output of the network.

/’ - ’.‘:'.\
o\

Figure 3.5. Structure of Fully Connected Layers
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3.1.6. Softmax Function

The obtained scores at the end of the fully connected layers are real-valued
numbers. However, these scores should be scaled to the interval [0,1]. Such a scaling
is necessary for assigning a probability belonging to a particular class for the input
vector. Therefore, at the output of the fully connected layers, softmax function
(Equations 3.6 and 3.7) is used as the activation function and sum of the resulting

scores is scaled to one.

a:R¥ - (0,D)K (3.6)
e/ ,
0'(2)]. = m fOT'] =1,..,K (3.7)

3.2. Image Enhancement Methods

Most of the times, application of image processing methods to an image
involves series of steps. In order to provide more successful output between the steps,
image enhancement methods are utilized. In other words, image enhancement
methods improve the information contained in an image. This improvement is not
about quantitative measures, but it is about visual quality of the image. So, evaluation
of image enhancement is an objective procedure. Also, some image enhancement
methods may reveal the details in an image that are not visually observable before
the enhancement. In order to accomplish this, some features of the image, such as
contrast, brightness or gray level distribution, are modified. Morphological
operations, median filtering, unsharp masking, histogram equalization, spatial
filtering are some of the well-known image enhancement methods. The selection of
the image enhancement method should be problem-specific. This means that all the
methods may not be suitable for a particular problem.

It is possible to categorize the image enhancement methods in two broad
categories: (i) Spatial Domain or (if) Frequency Domain. Whatever the enhancement

method is, the pixel intensities of the input image is modified at the end. In the spatial
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domain methods, this modification is performed directly on the image pixels. On the
other hand, the frequency domain methods invole transforming the image into
frequency space representation. This is accomplished by computation of Fourier
Transform of the image. The transformed image is processed and then transformed
back to spatial domain representation by Inverse Fourier Transform.

In this work, two spatial domain methods are applied to MRI images and
their effects on detection accuracy is observed. These methods are unsharp masking

and histogram equalization. Technical details about these methods are given below.

3.2.1. Unsharp Masking

The main purpose of unsharp masking is to sharpening the edges in the input
image. In this method a blurred version of the input image is subtracted from the
original image. This is analogous to high-pass filtering the original image. The
output of the filter is named as unsharp mask and is multiplied by a coefficient for
tuning the sharpening amount. Then output of this multiplication step is added to the
original image and a sharpened version of the image is obtained. This procedure is
illustrated in Figure 3.6.

The mathematical relation for unsharp masking method is given in equation

3.8.

Si,j = xl-,j + A * T(xl']) (3.8)

Here, X;;is the original intensity level at the coordinate (i), F(.) denotes the
highpass filtering, A is a parameter for tuning the amount of sharpening (1 = 0),
and §; j is the resulting sharpened pixel at (i,j). As the value of 4 is increased a more

sharpened image is obtained at the end.

25



3. MATERIALS AND METHODS Kerem SALCIN

—‘—L Highpass v

o

v A —'K.

Original
signal +
TP v

NS Sh:n‘pcnc(—l

signal

Figure 3.6. The Unsharp Masking Structure

3.2.2. Histogram Equalization

One of the most common image enhancement methods is histogram
equalization. Basically, the aim in this method is to enhance contrast by adjusting
pixel intensities.

Consider an input image whose histogram is skewed to one side. Since
intensities of dark pixels are low and bright pixels are large, the histogram will be
skewed to left side for a dark image and right side for a bright image. For an 8-bit
image, histogram equalization stretches the skewed histogram across the entire
spectrum of pixels (0 — 255), so the histogram of the resulting image will be closer
to uniform distribution than the histogram of the input image. In that case
compressed details of the input image become visible.

There are numerous variations of histogram equalization but the basic global
enhancement version is used in this work. In this method, intensity level j for each
of the pixels is mapped to a new pixel value (K) by using the formula given in
equation 3.9.

i

K= j=012,....M—1 (3.9)

| =

j
i=0
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Here, M is the total number of pixels in the image and N; is the total number
of pixels with intensities equal to or less than j. Using histogram equalization
method, a find gray level transformation T is found that transforms image f such that
the histogram of the processed image T(f) is equalized.

Sample images from dataset as well as results of these image enhancement

methods are illustrated in Figure 3.7.
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(€3] (h) (1)

Figure 3.7. Sample images from the dataset (top row) and results of unsharp masking
(middle row) and histogram equalization methods (bottom row). First
column is meningioma, second column is glioma and the third column
is pituitary

3.3. The Dataset
The brain image dataset contains 3,064 MRI slices from 233 patients. Each

of these images contains one of the three types of brain tumors: meningioma, glioma,
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or pituitary. The images have an inplane resolution of 512x512 with pixel size
0.49x0.49 mm?. The slice thickness is 6 mm and the slice gap is 1 mm (Federer et
al., 2018). Sample images from each of the classes are shown in Figure 3.8. and

distribution of the images having these tumor types is given in Table 3.2.

(b)
Figure 3.8. Images containing different types of brain tumors. a) Meningioma
b) Glioma c) Pituitary

Table 3.2. Distribution of the dataset in three classes

Tumor Number of
Type Images
Meningioma 708
Glioma 1426
Pituitary 930
Total 3064

3.4. Training

In order to train and test the faster R-CNN classifier, the tumor locations in
all of the images should be labeled and saved to a file. For this purpose, graphical
image annotation tool called Labellmg (github.com) is used (Figure 3.9). Labelimg
is written in Python and uses Qt for its graphical interface. Annotations are saved as
XML files in PASCAL VOC format, the format used by ImageNet (Figure 3.10)

(www.image-net.org).
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Figure 3.9. Labelling the Dataset by Using Labellmg Program
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Figure 3.10. Structure of XML File
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After labelling process, 80% of the images with each of the tumor types are
randomly selected to form the training data and the remaining 20% is left for testing.
A faster R-CNN model is trained on the training data. The parameters regarding the

model are as follows:

e Learning rate: 0.0002

e  Momentum constant: 0.9

e Batch size: 1

e  Number of iterations: 150,000
e  Softmax neurons: 3

e  Max-pool kernel size: 2

e  Max-pool stride: 2

The loss function that is being minimized during training is provided in
Figure 3.11. At the beginning of the training, very high loss rate is observed. For
example, in the first iteration total loss is approximately 90%. After 140.000
iterations, total loss is decreased to a value about 2%. This is an expected situation
indicating that the algorithm performs learning process. Basically, two different loss
functions are minimized in this problem. One is related to correct classification rate
and the other one is related to location of the correctly classified object. Since graphs
of both functions are similar, only Total Loss graph is given here as sum of these

two functions.
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Figure 3.11. Total Loss Graph of the System
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4. RESULTS AND DISCUSSION

612 samples (constituting 20% of the dataset) are used for testing the faster
R-CNN model. For each test image three parameters are returned: (i) class label of
the detected tumor, (if) probability of the tumor being in that class and (iii) location

of the tumor. Sample classification results are shown in Figure 4.1.

(a) (b) (©)
Figure 4.1. Detected and classified brain tumors. a) Meningioma b) Glioma
c) Pituitary

In tensorflow library, the minimum softmax probability value for assigning
a class label to a detected tumor is set as 0.8 by default. This means that a tumor is
left unclassified if the associated probability value is smaller than 0.8. By changing
this probability threshold, a change in number of unclassified and misclassified
samples is observed. Three confusion matrices belonging to three different threshold

values (0.8, 0.66, and 0.5) are given in Tables 4.1.,4.2. and 4.3, respectively.
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Table 4.1. Confusion Matrix when threshold is 0.8 (63 samples are unclassified)

PREDICTED
UNCLASSIFIED
Meningioma | Glioma | Pituitary
Meningioma 129 0 4 8
ACTUAL
Glioma 5 237 2 41
Pituitary 2 1 169 14
Table 4.2. Confusion Matrix when threshold is 0.66 (48 samples are unclassified)
PREDICTED
UNCLASSIFIED
Meningioma | Glioma | Pituitary
Meningioma 130 0 6 5
ACTUAL
Glioma 6 244 2 33
Pituitary 3 1 172 10

Table 4.3. Confusion Matrix when threshold is 0.5 (35 samples are unclassified)

PREDICTED
UNCLASSIFIED
Meningioma | Glioma | Pituitary
Meningioma 133 0 4 4
ACTUAL
Glioma 6 251 2 26
Pituitary 3 1 177 5

Five performance metrics, given in equations 4.1-4.5, are calculated using

the classification results. Computation of these quantities requires clear definition of

the confusion matrix elements, that are True Positive (TP), True Negative (TN),

False Positive (FP) and False Negative (FN). Since values of these elements change

according to the reference class label, three different values for each of the

performance metrics are calculated for each of the confusion matrices in Tables 4.1.,

4.2. and 4.3. The related results are given in Tables 4.4., 4.5. and 4.6.
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Accuracy = (TP+TN)/(TP+TN+FP+FN) 4.1)
Precision =TP / (TP + FP) 4.2)
Sensitivity = TP / (TP + FN) 4.3)
Specificity = TN / (FP + TN) 4.4
F-score = 2*TP /(2*TP + FP + FN) 4.5)

Table 4.4. Performance metrics when threshold is 0.8

Reference F-
Accuracy | Precision | Sensitivity | Specificity
Class Score
Meningioma 0.8742 0.9485 0.9149 0.9851 0.9314
Glioma 0.8742 0.9957 0.8316 0.9969 0.9063
Pituitary 0.8742 0.9657 0.9086 0.9859 0.9363
Table 4.5. Performance metrics when threshold is 0.66
Reference F-
Accuracy | Precision | Sensitivity | Specificity
Class Score
Meningioma 0.8922 0.9353 0.9220 0.9809 0.9286
Glioma 0.8922 0.9959 0.8561 0.9969 0.9207
Pituitary 0.8922 0.9570 0.9247 0.9812 0.9405
Table 4.6. Performance metrics when threshold is 0.5
Reference
Accuracy | Precision | Sensitivity | Specificity | F-Score
Class
Meningioma 0.9166 0.9366 0.9433 0.9809 0.9399
Glioma 0.9166 0.9960 0.8807 0.9969 0.9348
Pituitary 0.9166 0.9672 0.9516 0.9859 0.9593

It is clearly seen from the confusion matrices (Tables 4.1, 4.2 and 4.3) that
the number of unclassified samples decreases as the decision threshold is decreased.
Also, the related performance measures are improved by decreasing the threshold.

Considering the accuracy values in Tables 4.4., 4.5. and 4.6, 87.42% of the images
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may correctly be classified when the decision threshold is set to 0.8 and this accuracy
is increased to 91.66% when the threshold is set as 0.5. This means that, even though
the output probability of the classifier is relatively low for some of the images, the
tumor can be correctly detected. On the other hand, majority of the unclassified and
misclassified samples belong to “Glioma” class, meaning that the classifier cannot
learn this class as effectively as the other two. However, specificity value related to
“Glioma” class is the highest for three of the thresholds.

As mentioned earlier, histogram equalization and unsharp masking methods
are applied to input images and their effects on the classification performance is
observed. Since the results related to histogram equalization are very low when
compared to the ones in Tables 4.1, 4.2 and 4.3, they are not reported explicitly.
However, application of unsharp masking improves the classification performance.
The confusion matrices and the associated performance metrics are presented in
Tables 4.7-4.12. As in the case of no image enhancement method, decreasing the
threshold improves the correct classification rate, eventually yielding a maximum

accuracy of 93.14% when the threshold is set as 0.5.

Table 4.7. Confusion Matrix when threshold is 0.8 (62 samples are unclassified)
PREDICTED

UNCLASSIFIED

Meningioma | Glioma | Pituitary
Meningioma 129 1 2 9
ACTUAL
Glioma 4 239 2 40
Pituitary 2 0 171 13
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Table 4.8. Confusion Matrix when threshold is 0.66 (39 samples are unclassified)

PREDICTED
UNCLASSIFIED
Meningioma | Glioma | Pituitary
Meningioma 133 2 4
ACTUAL
Glioma 4 251 28
Pituitary 1 0 178 7

Table 4.9. Confusion Matrix when threshold is 0.5 (33 samples are unclassified)

PREDICTED
UNCLASSIFIED
Meningioma | Glioma | Pituitary
Meningioma 134 2 4
ACTUAL
Glioma 3 258 22
Pituitary 1 0 178 7
Table 4.10. Performance metrics when threshold is 0.8
Reference P F-
Accuracy | Precision | Sensitivity | Specificity
Class Score
Meningioma 0.8807 0.9555 0.9149 0.9873 0.9348
Glioma 0.8807 0.9958 0.8366 0.9969 0.9105
Pituitary 0.8807 0.9771 0.9194 0.9859 0.9474
Table 4.11. Performance metrics when threshold is 0.66
Reference F-
Accuracy | Precision | Sensitivity | Specificity

Class Score
Meningioma 0.9183 0.9637 0.9433 0.9894 0.9534
Glioma 0.9183 0.9921 0.8807 0.9939 0.9331
Pituitary 0.9183 0.9780 0.9570 0.9906 0.9674
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Table 4.12. Performance metrics when threshold is 0.5

Reference F-
Accuracy | Precision | Sensitivity | Specificity
Class Score
Meningioma 0.9314 0.9710 0.9504 0.9915 0.9606
Glioma 0.9314 0.9923 0.9053 0.9939 0.9468
Pituitary 0.9314 0.9834 0.9570 0.9930 0.9700

It should also be noted that different exceptional cases have occurred for

some of the test samples. These cases may be collected into three categories:

a) Both tumor location and class are true but there is an extra anchor box

b) Tumor class is correct but the tumor is not located

¢) Both tumor location and class are true but a large tumor is detected as

two different tumors

A sample image for each of these case are is shown in Figure 4.2. All of these

samples are considered as a correct classification when constructing the confusion

matrices.

(a)

(b)
Figure 4.2. Samples for Exceptional Test Cases
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The dataset used in this work is publicly available. Thus, four other previous
works have been found in the literature that applies various deep learning techniques
on this dataset. In Table 4.13, the results obtained in these works are summarized
and compared with the ones in this work. Performance of one of the works [3] is
higher than the proposed method. However, in that work a series of convolution and
pooling steps followed by a fully connected layer is used for feature extraction. Then
using these features, an Exterme Learning Machine (ELM) model is trained. In other
words, that method utilizes initial steps of CNN for generating feautre vectors but

the trained model is something different than CNN.

Table 4.13. Previous Works that Applies Various Deep Learning Techniques on This

Dataset.
Reference | Year | Classification Performance | Obtained | This
no Method Metric result work
1 2018 | LinkNet F-score 0.7900 0.9700
2018 | CapsNet Accuracy 0.9089 0.9314
3 2018 | Kernel Extreme | Accuracy 0.9368 0.9314
Learning Machines | Precision 0.9830 0.9923
(KE-CNN) Sensitivity 1.0000 0.9570
F-Score 0.9910 0.9700
5 2017 | CNN Accuracy 0.9143 0.9314
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S. CONCLUSION AND FUTURE WORK

In this study, MRI brain images are used for detection of tumors using faster
R-CNN method. A model is trained using 2452 images containing three types of
tumors. It may be concluded that faster R-CNN is suitable algorithm for this problem
as the achieved classification accuracy is 93.14% which is higher than the related
work using the same dataset. Also, it has been observed that some of the tumors are
correctly detected with low scores. Therefore, the results are evaluated using three
different levels of detection scores. Among the three types of tumors, Glioma has
the lowest detection rate with a sensitivity of 90.53% and Pituitary has the highest
rate with a sensitivity of 95.70%. Since only one test sample is predicted as false
positive for Glioma class, the precision value of the Glioma is the highest, on the
other hand high number of false negative samples causes its sensitivity value to be
low. The presence of unclassified samples is something related to detections with
low scores. Such samples may be thought to be classified as “no fumors” even though
they contain a tumor. This situation may be overcome by adding healthy images (i.e.
images containing no tumors) to the dataset as the fourth class.

The dataset used in this work is publicly available. The previous work using
the same dataset have carefully been investigated and the related results have been
compared. Among the related papers using deep learning methods for detection, the
results obtained in this study are the found to be the best one.

As can be seen from Section 3, a set of constant parameters has been used
for generating the CNN model. In the future, some optimization algorithms (such as
genetic algorithm, particle swarm optimization, simulated annealing, etc...) may be
utilized to find the best parameter set giving the highest classification accuracy. Also,
this method may be applied to images taken from different parts of the body to detect

tumors in the other tissue.
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