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ABSTRACT
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: Prof. Dr. Mustafa GOK
: Asst. Prof. Dr. Goékay DISKEN

The abnormal and uncontrollable growth of cells inside the brain is called a
brain tumor. Brain tumors are graded from the first degree to the fourth degree, from
low to high depending on the risk they carry. Therefore, the sooner the tumor is
detected and intervened, the more successful the treatment will be. Because the
damaged brain tissue and its functional disorders are difficult to recover, it is important
to detect the tumor early and remove it before a further spread. However, there is a risk
of damaging healthy tissues during this operation. However, if you have more
information about the tumor’s location, size and how it spreads inside the brain, the
success rate of the operation will be greatly increased and the risk will be minimized.

Magnetic Resonance Imaging (MRI) is the most effective imaging method for
the detection of the brain tumor. MRI images consist of 2D slices. With these images,
the tumor can be detected, but no precise information about its shape and spread can be
obtained from individual slices. However, it is possible to obtain more information by
processing the MRI images. A 3D image can be obtained from 2D slices with volume
rendering, but to obtain a 3D image of the brain tumor, first tumor
tissue must be separated from the normal brain tissues using image segmentation
algorithms. After a successful image segmentation, the 3D image can be obtained using
volume rendering on processed images.

In this thesis, with the developed software, MRI images are taken as input and
they are automatically processed. After the process is finished and the detection is
completed the 3D shape of the detected tumor is re-created and its features can be
observed.

Keywords: tumor, mri, image segmentation, volume rendering.
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YUKSEK LiSANS TEZi

GORUNTU SEGMENTASYON YONTEMLERI VE HACIM OLUSTURMA
TEKNIKLERI KULLANILARAK BEYIN TUMORLERININ
SAPTANMASI VE 3 BOYUTLU MODELLENMESI

Devrim KAYALI

CUKUROVA UNIVERSITESI
. FEN BILIMLERI ENSTITUSU .
ELEKTRIK - ELEKTRONIK MUHENDISLiGI ANABILIM DALI

Danisman : Prof. Dr. Ulus CEVIK
Yil: 2020, Sayfa: 43
Jiiri : Prof. Dr. Ulus CEVIK
: Prof, Dr. Mustafa GOK ]
: Dr. Ogr. Uyesi Gokay DISKEN

Beyin i¢indeki hiicrelerin anormal ve kontrolsiiz biiylimesine beyin timdrii
denir. Beyin tiimorleri tagidiklart riske gore diisiikten yiiksege dogru olmak {izere
birinci dereceden, dordiincii dereceye kadar derecelendirilir. Bu nedenle tiimor ne
kadar erken tespit edilip miidahale edilirse tedavi de o kadar basarili olur. Hasarli
beyin dokusu ve fonksiyonel bozukluklarinin iyilesmesi zor oldugundan, timorii
erken tespit etmek ve daha fazla yayilmadan Once almak onemlidir. Ancak, bu
islem sirasinda saglikli dokulara zarar verme riski vardir. Bu nedenle, tiimoriin
yeri, biiylikliigli ve beynin i¢inde nasil yayildigi hakkinda daha fazla bilgi sahibi
olunur ise, operasyonun basari orani biiyiik Olclide artacak ve risk en aza
indirilecektir.

Manyetik Rezonans Goriintiileme (MR), beyin tiimdriiniin tespiti i¢in en
etkili goriintileme yontemidir. MR goriintiileri 2D kesitlerde olusmaktadir. Bu
goriintiilerle, timdr tespit edilebilir, ancak tek bir kesit goriintiisiinden sekli ve
yayillmast hakkinda kesin bir bilgi elde edilemez. Bununla birlikte, MRI
goriintiilerini igleyerek daha fazla bilgi edinmek miimkiindiir. Hacimsel Gdsterim
yontemleri ile 2D kesitlerden 3D goriintii elde edilebilir, ancak amag¢ beyin
timoriintin 3D gorlintlisiinii elde etmek oldugunda, hacimsel gosterim yontemleri
kullanmadan oOnce goriintii segmentasyonu algoritmalart kullanilarak timorli
dokular normal beyin dokularindan ayrilmalidir. Goriintli segmentasyonu basari ile
yapildiktan sonra hacimsel gdsterim kullanilarak 3D goriintiiye ulagilabilir.

Bu tezde gelistirilen yazilim ile MR goriintiileri girdi olarak alinmakta ve
otomatik olarak islenmektedir. Islemler bittikten ve tespit tamamlandiktan sonra,
tespit edilen tiimoriin 3D sekli yeniden olusturulur ve 6zellikleri gozlenebilir.

Anahtar Kelimeler: Tiimor, MR, Goriintli Segmentasyonu, Hacimsel Gdsterim.
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EXTENDED ABSTRACT

A brain tumor is an uncontrollable and abnormal growth of the cells inside
the brain. Depending on the risk they carry they are graded from first to fourth
grade. Brain tumors are called malignant if they are cancerous. Cancerous brain
tumors are aggressive, and they grow rapidly inside the head. They can also spread
to other tissues, and other parts of the body. They are called benign if they are not
cancerous, and they grow slowly.

There are different imaging techniques used in medical imaging for
different purposes, such as diagnosis, treatment or routine controls, and checkups.
MRI images are used to detect brain tumors. Because it visualize the internal
structure of the body in great detail, and it is a non-invasive imaging tool. Also,
there is no exposure to ionizing radiation, like in CT imaging.

There are many different studies about brain tumors that use different
methods for tumor detection, tumor size calculation, and remodeling. These
methods may include artificial neural networks (ANN) or can be algorithm based,
and do not include ANN.

Volume rendering is used to obtain 3D models from 2D images. Screens
are two dimensional, and consist of pixels. Voxels are used instead of pixels to
represent a volume. Volume visualization is important in medical imaging because
it gives more information from the images acquired from the scanners, such as CT
or MRIL.

In this thesis, 2D MRI slices from different patients were used during
development. A research on image segmentation, and volume rendering was
carried out to learn about the algorithms, and techniques. After the research,
different combinations of image segmentation algorithms were tried on the datasets
to achieve an accurate detection. Images go through several different processes to
achieve this accurate detection. Just a single detection process is not enough since

the human brain has a complex structure. Brain tumor operations are risky, and
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may cause in permanent harm to the patient if the operation does not go well,
which means inaccurate detections are not acceptable. So, image segmentation was
conducted in 4 stages: Noise Reduction, Image Enhancement, Tumor Detection,
and Fixing Possible Errors.

Noise Reduction is very important since getting rid of any kind of noises
increases the success rate in any kind of process. Image Enhancement is used to
enhance and simplify the image to prepare it for the detection phase. Histogram
equalization is one of the image enhancement methods which makes enhancement
to the pixels according to the histogram of the image. It results in an image with
higher contrast.

Detection phase is conducted on the image with a radius-based manner.
Fixing Possible Errors phase solves the problems which may occur at the detection
phase. These are the problems which are caused by the radius based detection, and
the intensity value of some normal brain tissues since they may sometimes have the
intensity value for being a tumor. These two problems do not have an efficient
solution when the slices are taken individually, which means in 2D. But in 3D,
there is a simple solution, continuity. Brain tumor starts from a point inside the
head, and then spreads, which means it is a 3D object, and it has to be continuous
over the 2D slices.

The detection process is not just about detecting tumors from the input
image, in that way accuracy would be very low. The process takes an input image,
and by applying several algorithms, prepares the image for itself before detection
to obtain accurate detection. Nevertheless, detection can still face some problems.
To overcome these problems, after applying the detection algorithm to all of the
slices, the whole set of slices are taken, and checked if they satisfy continuity in
3D.

After obtaining an accurate combination of algorithms, volume rendering
was applied to obtain the 3D model. There must be a predefined camera position in

the space to render the 2D projection of a 3D data set. Also, the opacity, and color
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of every voxel must be defined. An RGBA (red, green, blue, alpha) transfer
function is used to define the RGBA value for voxels which define their opacity,
and color. In this transfer function R, G, B values define the color, and A value
defines the opacity.

In order to add lighting, and see how the obtained object looks in a 3D light
scene, the surface normal estimation must be done. Because voxels obtained from
the pixels do not have a normal value, they will end up in complete darkness in an
illuminated scene. This means that a surface normal for every voxel has to be
calculated. Surface normals of the voxels are calculated by examining the existence
of the 26-connected neighborhood voxels. Voxels react according to the light after
they have normal value information. But further calculations must be done to
increase the quality of the rendered object, because the image is still not realistic
even after calculating the surface normals. The image may have a smoothness
problem because of the gaps between 2D slices. To get rid of this problem which is
called the staircase effect, surface smoothing is done. Surface smoothing is done by
using the 26-connected neighborhood voxels again. After these calculations, the
staircase effect is eliminated, and the image becomes smoother.

An option was added to the software to render both tumor detections, and
any type of 2D slice datasets, such as CT or MRI without any process. This
objective was completed by using the CT HEAD dataset because it is hard to
understand the success rate with the tumor detections since they have unpredictable
random shapes. Obtaining a realistic 3D image from the CT dataset means high-
quality rendering is accomplished, and the software is ready for the 3D rendering
of the detected tumors.

A user interface was designed, and improved using C#, and OpenGL
coding to combine detection and volume rendering, and some tools were added to
the software so the inspection can be done better.

By using the developed software, detections on 5 different datasets were

done, and the 3D models of them were obtained. 256 slices from these 5 different
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datasets were processed, and 99 detections were made. In 1 of the slices, the tumor
was totally missed. In 3 slices there was detection but a small part of it was missed.
In 7 slices, there were extra filled tumor parts which caused a little noisy 3D image.
There was no wrong detection. Also, 3D models of two different Headneck
Cetuximab datasets were rendered to make sure that the software gives realistic
outputs on different datasets.

In medical imaging, the final processed image quality is very important
since it must give accurate and realistic results to provide information for
diagnosis. The output image quality was perceptually satisfying even for low-
resolution images of the tumors. The realistic output image obtained from the CT
HEAD dataset proves that the volume rendering algorithm works efficiently, and
the output images of the tumors look realistic.

Use of the developed software may save time, and reduce human
workload. More information can be obtained out of 2D slices in a short time, and if
there is an operation that needs to be done, visualization of what is going to deal
with can be seen. This means better preparation for the operation, which will

greatly increase the success rate of it.

VI



ACKNOWLEDGEMENTS

I wish to express my sincere appreciation to my supervisor Prof. Dr. Ulus
CEVIK for encouraging me to this work and for his guidance on my study
program. He made me realize that learning new things is tough but delightful when
achieved. With his advice and direction, the quality of work done in this thesis has
increased. Also, I would like to thank him for his support and understanding
throughout my whole study.

Special thanks to my valuable friend Halit ERIS for his help and support.

Finally, I would like to express my deepest appreciation to my parents and
to my girlfriend for providing me with continuous support and encouragement
throughout my years of study and through the whole process of this thesis. This

accomplishment would not have been possible without them.

VII



TABLE OF CONTENTS SAYFA

ABSTRACT ..ttt ettt ettt a et e et et e be et et e s st eneenteeneeneens I
OZ oo 11
EXTENDED ABSTRACT ...ttt I
ACKNOWLEDGEMENTS ..ottt sttt vl
TABLE OF CONTENTS ...ttt VIII
LIST OF TABLES ...ttt X
LIST OF FIGURES ..ottt st Xl
ABBREVIATIONS ...ttt ettt sse et saesae e eseenne s e X1V
1. INTRODUCTION ..ottt 1
| B 0 7<) 4 (5 SRS 1
1.2, BIain TUIMOTS . ....eiiuiieiieeieestieetieeieeteeie et esieesetesntesneeeteeseesaeesneesnsesaseenseeseennes 1
1.3. ITmage MOdalities ....c.eevueiriiiiieiieiiectie ettt st et 1
1.4. Tumor Detection AIZOTItMS .......c.cccvveviiiriiriiiie ettt 3
1.5. Volume ReNdering ...........ceevvveviieriieniienieniieie ettt seee e sae e ereesaesnne e 4
1.6, CONCIUSION ...ttt ettt sttt st 5

2. TUMOR DETECTION ..ottt sttt 7
2.1 INEEOAUCTION -ttt ettt et se e eeeeneens 7
2.2. Detection PRASES .......cocveiiiieieeieeee et 7
2.2.1. N0iSE ReAUCHION ....veeeieniieiieiiiieiee et 8

2.2.2. Image Enhancement ...........ccccvevieriiniieciieieeieesiee e sere e 9

2.2.3. TUMOT DEtECtION...c..eeriiiiiiiieiieiieeteee ettt 12

2.2.4. Fixing Possible EITOTS ........ccceeciiiiiiiiiiieiee et 14

2.3, CONCIUSION .ttt ettt ettt et e sttt e e e e e beenbee s 15
3. RENDERING ....ootiiiiiisiee ettt ettt st 17
3.1 INEOAUCTION ...ttt ettt sbe e s st eas 17
3.2. Volume Rendering ...........cceoeeriiriiriiieiiiesieeeiesiiese ettt 17
3.3. Surface Normal EStimation ...........ccecceevierienienienierie e 18



3.4, Surface SMOOtNING .......c.ccvviiriiiiieiieiecre et e b e re e reesrae s 20

3.5, CONCIUSION ..ttt ettt et ettt et e e b e e steeaeeneenaeas 22
4. SOFTWARE IMPLEMENTATION .....occiiiiiiiiiieree et 23
T R 0413 (0T L1 T ) & PSSP 23
4.2, SOFtWAre DESIN....veevieciieceiierierieiteieeste et e staesaesreebeereesaeessaessseesseesseesseas 23
4.3, SOFEWATE TOOLS ...t 24
4.4, CONCIUSION .ttt ettt ettt b e s bt e st e st et en e beenbeenbee s 27
S RESULTS ettt ettt et et e sttt ese e ne e e e nseeneeneas 29
6. DISCUSSION ...ttt sttt et et s ae et e e entesaeeseentesseeneenes 35
7. CONCLUSION ... oottt ettt ettt et steeste e ereensesseessesseenaesesseessessenanenes 37
REFERENCES ...ttt ettt ettt ettt seseaesaeesnensesnnensesseennens 39
CURRICULUM VITAE ..ottt ettt ettt 43

IX



LIST OF TABLES SAYFA

Table 4.1. Description of the numbered SECtions. .........cccvevveereereeeieerieerreereesneens 27






LIST OF FIGURES SAYFA

Figure 1.1.

Figure 2.1.
Figure 2.2.
Figure 2.3.
Figure 2.4.
Figure 2.5.
Figure 2.6.

Figure 2.7.
Figure 2.8.
Figure 2.9.
Figure 2.10.
Figure 2.11.
Figure 2.12.
Figure 2.13.
Figure 2.14.
Figure 2.15.
Figure 2.16.
Figure 2.17.
Figure 3.1.

Figure 3.2.
Figure 3.3.

Figure 3.4.

An MRI Slice a. without tumor. b. with tumor. Tumor

Detection AIGOTItMS ........eeeeviiiiiieiiie et 3
MRI Slices of @ Patient........ccccoueveevieninienenieiincceeneceic e 7
An Original MRI image with tUmor..........cccceevvieeiiieeciieieecee e 8
Salt and PePPET NOISE.....eevueiruerrieeiieiieieeceerite e eee et e see e 9
Threshold applied image without salt and pepper noise....................... 9
Histogram equalized image ...........ccceeveerierieniiiiieieeeesiee e 10

Histogram a. before histogram equalization and b. after

histogram equalization. ............ccecceevieriieniirniie et 11
Threshold applied IMAZE ........c.ccoveevierierierierie e 11
An Additional filtered IMage..........cccvevcvereeriieeieeieerierieere e 12
Radius-based detected pixels by the algorithm ...........cccoocvvrvvennennen. 13
Filled detection ........c.eeuereerieniieiieiicteeiee et 13
The final image of the tUmMOT. ...........ccvevieriiiiiceceeeee e 14
RAAIUS ©TTOT ..t 15
Radius error fiXed......c.eeieeeiieiee e 15
DEtECHION TTOT.....eeuiieiieieeriie ittt 15
Detection error fiXed ........cceveeieririieieeeieee e 15
Block Diagram of the detection process..........ccceevveeeeveeenveencveeenneenns 16
Tumor Detection OULPUL .........eccvieeeiieeeiieeieeciee e eree e esveeeeee e 16

3D Rendered image of CT dataset. a. Sagittal, b. Sagittal, and
C. Frontal.....cocoiiiiiii e 18
26-Connected Neighborhood VOXels .......ccceeeviviieiiiniinienieeieee 19
3D Rendered image of CT dataset after surface normal
estimation. a. Sagittal, b. Sagittal, and c. Frontal .............c..cc.oceoe. 20
3D Rendered image of CT dataset after surface smoothing. a.

Sagittal, b. Sagittal, and c. Frontal............c..ccocevvervininniininncnee 21
XII



Figure 4.1. Screenshot of the developed software.........c.ccceveveeeiiiviiinienieiieeiens 23
Figure 4.2. CT Head dataset thresholded............ccocvevievierienciieiicice e 25
Figure 4.3. CT Head dataset thresholded and rendered shading off ..................... 25
Figure 4.4. Numbered SOftware SECtiONS. ........cccvevvereerierierrenreereesieeseeseesneens 26
Figure 5.1. 3D Rendered image of a Headneck Cetuximab dataset. a.
Sagittal, b. Frontal ...........cccccoveiiiiiiiiiiieceeeee e 29
Figure 5.2. 3D Rendered image of a Headneck Cetuximab dataset. a.
Sagittal, b. Frontal ...........ccccooeeiiiiieiiiiiieceeeee e 29
Figure 5.3. Dataset 1 deteCtion. .......cccevevviiriieriiieiiieeeieeeieeestee et e esereeereeeevee e 30
Figure 5.4. Tumor 1 from 3 different angles. .........ccccevvieriinieiieeiienienieeeee 30
Figure 5.5. Dataset 2 deteCtion. ......ccceevierirrieeiieeieeieeciteeie st ettt seee e 31
Figure 5.6. Tumor 2 from 3 different angles. .........cccceeveeriiniieniiieiiiienieeieeee 31
Figure 5.7. Dataset 3 deteCtion. ......ccceeviirieriieiieeieeieesiteeiie ettt 32
Figure 5.8. Tumor 3 from 3 different angles. .........cccceeveeiiiniiniieniienienieeieeee 32
Figure 5.9. Dataset 4 deteCtiON. .....cevveveerieiieeieeieeieerite et ereeree e seeessaeenseens 33
Figure 5.10. Tumor 4 from 3 different angles. ..........cccevvevierciiecieiieniesie e 33
Figure 5.11. Dataset 5 deteCtiON. .....cccvereerierieeieeieeieesieesre e ereeree e senessneesseens 34
Figure 5.12. Tumor 5 3 different angles .........ccoocvevverierierieniieieeeeree e 34

X1



ABBREVIATIONS

2D

3D
ANN
C#
CNS
CT
FLAIR
MRI
OPENGL
RGB
RGBA
TCIA

Two Dimensional

Three Dimensional

Artificial Neural Network

C Sharp (Microsoft programming language)
Central Nervous System

Computed Tomography
Fluid-Attenuated Inversion Recovery
Magnetic Resonance Imaging

Open Graphics Library
Red,Green,Blue
Red,Green,Blue,Alpha

The Cancer Imaging Archive

XIv






1. INTRODUCTION Devrim KAYALI

1. INTRODUCTION

1.1. Overview

By using powerful computers, it is possible to run many complex
algorithms and obtain high-quality 3D renderings with the processing unit and
graphical unit inside them. Personal computers in today’s technology have the
power to achieve these. This means either the development and the usage of the
software is possible in personal use. With this opportunity, software, like
developed in this thesis can reduce the workload and provide information in a short

time.

1.2. Brain tumors

As mentioned before uncontrollable growth of cells inside the brain is
called a brain tumor. They are classified as malignant or benign whether they
include cancer cells or not. If tumors include cancer cells, they are called malignant
and these cells are aggressive. These tumors grow rapidly inside the head and can
also spread to other tissues and other parts of the body. The tumor is called benign
if there are no cancer cells, which does not spread to nearby tissues (Angulakshmi
and Priya, 2018). There are over 120 brain and central nervous system (CNS)
tumor types that are different for everyone. They develop from different cell types
in different arcas and may have different treatment options (Sudharani, et al.,

2016).

1.3. Image modalities

Medical imaging is very important in medicine because it gives the chance
to visualize the human body for different purposes such as diagnosis, treatment or
routine controls and checkups. Different types of modalities are used for these
purposes, such as X-RAY, Computed Tomography (CT), Magnetic Resonance

Imaging (MRI) and Ultrasound Imaging.
1
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X-RAY imaging is done by sending X-RAYS to the desired body part and
obtaining an image with different intensity values which determine different
tissues. These intensity values are caused by the different radiation absorption
amounts of each tissue. Besides imaging, X-RAY is also used in treatment which is
called radiotherapy. High energy X-RAY beams are used for treating cancer (Hill,
et al., 2014). Since X-RAYS have an ionizing effect on cells, they may be harmful
especially for the pregnant.

Computed Tomography is the use of many X-RAY beam combinations
taken from different angles and processed on a computer which creates slice
images of the object which allows seeing inside of it. It was developed by Allan M.
Cormack and Godfrey N. Hounsfield in 1979 and they won the Nobel Prize in
Physiology or Medicine ("The Nobel Prize in Physiology or Medicine 1979").

Ultrasound imaging is done by sending ultrasound to the body and
displaying the reflection as an image. Ultrasound means sound waves that are at a
high frequency that can not be heard by humans, so they are safe to use since there
is no ionizing radiation. Different tissue types cause different reflection, so by
continuously sending ultrasound and processing the reflection, real-time ultrasound
imaging is obtained (Hides, et al., 1998).

But when analyzing the internal structure of the body like the brain, MRI is
the most efficient method for the detection of the brain tumor. Because it is a non-
invasive imaging tool that utilizes a strong magnetic field and radiofrequency
waves to visualize in great detail organs, soft tissue, and bone. Also, there is no
exposure to ionizing radiation, so it is considered safe for nearly every age group at
field strengths below 7 Tesla (Nelson, 2008). This harmless procedure also gives
good resolution and these advantages altogether make MRI an excellent choice for

the detection of the brain tumors.
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(@) (b)
Figure 1.1. An MRI Slice a. without tumor. b. with tumor. Tumor Detection
Algorithms

1.4. Tumor Detection Algorithms

There are many different studies about brain tumors that use different
methods for tumor detection, tumor size calculation, and remodeling. These
methods can include artificial neural networks (ANN) or can be algorithm based
and do not include ANN.

Morphological examination by structure and shape was one of the first
methods for tumor detection (Gibbs,et al., 1996). The robust estimation method is
another method in which both edema and tumor were detected with geometric
shape abnormalities and pixel density (Prastawa, et al, 2003). Later on, an
important technique called edge detection was used in studies (Kumar, 2011),
(Ananda and Thomas, 2012) and (Banerjee, 2015) for marking the tumor area in
the MRI images. Edge detection is also widely used in image processing for
finding object boundaries by looking for discontinuities in brightness. After
achieving a good accuracy at tumor detection and marking the tumor area in the

studies, volume calculations were also done. If slice thickness and pixel spacing
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attributes are known, the volume of the tumor can be calculated by using all of the
MRI slices.

In one of the studies performed in 3D, a region growing technique was
applied for detecting the tumor. Then the tumor was imaged using volume
rendering, and the surface area and volume of the tumor were also calculated
(Sudharani, et al., 2016). In (Mitra, et al., 2017) FLAIR, T1C, and T2, which are
different types of MRI images, were used together instead of using just one type of
MRI image. A 3D image of the tumor was obtained by assigning the color values
of these 3 different types of images to R, G, B values and, using them at the same
time.

To increase the success of tumor detection, besides the improvements
made in the image processing phase, preprocessing can be done to the images as in
(Isselmou, el al., 2016), (Kanmani and Pushparani, 2016) and (Toum, et al., 2017).
Algorithms such as median filter, histogram equalization, thresholding are very
important because applying them at the preprocess stage greatly increases the

success rate at the image processing phase.

1.5. Volume Rendering

Volume visualization started in the 1980s with the need of getting more
information from the data acquired from magnetic resonance imaging (MRI) and
computed tomography (CT) scanners (Callahan, et al., 2008). Techniques used in
scientific visualization and computer graphics to display the 2D projection of a 3D
scalar field is called Volume Rendering. With the help of powerful computers,
volume rendering is not limited to medical applications. It is also used in
engineering, science, and computer games.

Screens we use consist of pixels, which are two dimensional. Volume
rendering is used to show three-dimensional data in two-dimensional screens.
Voxels are used instead of pixels, while pixels represent the unit area voxels

represent a unit volume (Celebi, 2003).
4
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There must be a defined camera position in the space to render the 2D
projection of a 3D data set. Also, the opacity and color of every voxel must be
defined. An RGBA (red, green, blue, alpha) transfer function is used to define the
RGBA value for voxels which defines their opacity and color. In this transfer
function R, G, B values define the color and A value defines the opacity.

Volume visualization algorithms are classified as Indirect Volume
Rendering (Surface Rendering) and Direct Volume Rendering (Volume
Rendering). Indirect Volume Rendering algorithms use geometric primitives to
visualize the volume while Direct Volume Rendering algorithms render each voxel
directly without using any geometric primitives (Celebi, 2003). Volume ray
casting is a direct volume rendering method that uses image order for rendering
which provides very high-quality results. In this technique, a ray is generated for
each pixel using a camera model. The ray starts at the center of the projection of
the camera and passes through the image pixel on the imaginary image plane
floating in between the camera and the volume to be rendered. Then the ray is
sampled at regular or adaptive intervals throughout the volume. The process is

repeated for every pixel on the screen to form the completed image.

1.6. Conclusion

Research about tumors and medical imaging was done to get information
about the brain tumors and the methods used to detect them. Different image
segmentation algorithms were investigated and volume rendering techniques were

studied to get the highest quality results.
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2. TUMOR DETECTION

2.1. Introduction

In this thesis, our task is to highlight the tumor area of images taken from
MRI devices, and to extract the tumor to display it and make some measurements
on it, such as, volume and size.

Datasets (MRI images) taken from The Cancer Imaging Archive website
were used ("The Cancer Imaging Archive (TCIA) -"). These are 2D FLAIR MRI
slices of a couple of different patients. MRI slices of a patient are seen in Figure

2.1.

Figure 2.1. MRI Slices of a Patient

2.2. Detection Phases

Taken images go through several different processes to achieve an accurate
detection. Just a single detection process is not enough since the human brain has a
complex structure. Brain tumor operations are risky and have a chance to cause
permanent harm to the patient if the operation does not go well, which means
inaccurate detections are not acceptable. Detection phases consist of 4 stages;

Noise Reduction, Image Enhancement, Tumor Detection, Fixing Possible errors.
7
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Figure 2.2. An Original MRI image with tumor

2.2.1. Noise Reduction

Noise reduction is the first stage of the detection process. It is very
important to get rid of any kind of noise in any kind of operation as much as
possible before the process because they will decrease the success rate and cause
increased time in calculations. Simply they are unwanted data and there is no
needed information in them.

To get rid of noise in MRI images “Air to Surface Threshold” is applied.
This means clearing pixels with intensity values lower than a predetermined
threshold value, which results in a clear MRI image just having the information
needed.

In Figure 2.3 noises are indicated with the red pixels which are called salt
and pepper noise. All the noises indicated with red are cleared at this stage and
Figure 2.4 is obtained. It is clearly seen that getting rid of those pixels did not cause

any information loss but this will save time in further processes.
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Figure 2.4. Threshold applied image without salt and pepper noise

2.2.2. Image Enhancement

Some image enhancement steps are used after noise reduction to obtain a
better image before the tumor detection phase. The human brain has a complex
structure and sometimes it can be challenging to separate other tissues from normal

brain tissues. This means getting an image as simplified as possible increases the



2. TUMOR DETECTION Devrim KAYALI

success rate of the detection. To achieve this, Histogram Equalization,
Thresholding and Filtering are used respectively.

A histogram is a graph, showing the numbers of color values in an image.
Applying histogram equalization enhances the pixels, according to the histogram of
the image (Russ, 2002). This provides an image with a higher contrast. Histogram
equalization also minimizes the contrast difference between slices. The tumor
becomes more obvious after the histogram equalization but the normal tissue is
also enhanced. To get rid of them, thresholding is applied. Thresholding is the
display of only the desired color value range in the image and, as seen in Figure

2.7, most of the normal brain tissue is cleared by using this method.

Figure 2.5. Histogram equalized image
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Number of pixels

Number of pixels

Intensity ntensity

(a) (b)
Figure 2.6. Histogram a. before histogram equalization and b. after histogram
equalization.

Figure 2.7. Threshold applied image

At this stage, most of the normal brain tissues are cleared from the image
as mentioned. The image has become simpler and the tumor can be easily detected
by eyes. But one more process is done to obtain the simplest image possible before
the detection phase. This step which is called additional filtering gets rid of more
pixels that are not part of the tumor. The decision for this is made by looking
around every pixel if they are part of a bigger object and if it is not, deleted. By
getting rid of every pixel that is certainly not part of the tumor, the image is ready

for the detection phase (Figure 2.8).

11
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Figure 2.8. An Additional filtered image

2.2.3. Tumor Detection

Since the image goes through several preprocess stages to get simplified as
much as possible, using a radius-based detection at the detection phase easily
detects the tumor. A certain radius around every pixel is checked and marked if
full. Then the whole tumor is filled using the marked pixels. When the whole tumor
is filled, just the tumor is left in the image and all the other pixels are eliminated.

Figure 2.9, Figure 2.10, and Figure 2.11 show these steps respectively.

12
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Figure 2.9. Radius-based detected pixels by the algorithm

Figure 2.10. Filled detection

13
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Figure 2.11. The final image of the tumor.

2.2.4. Fixing Possible Errors

At the development stage, the detection algorithm faced two common
errors. One of them is the detection error because of the radius-based detection
algorithm, and the other one is the incorrect marking and filling of the normal brain
tissue since they can sometimes satisfy the intensity and radius criteria of the
algorithm for being a tumor. These two problems do not have an efficient solution
when the slices are taken individually, which means in 2D. But in 3D there is a
simple solution, continuity. Brain tumor starts from a point inside the head and
then spreads, which means it is a 3D object and it has to be continuous over the 2D
slices.

Since the detection is radius based, it can miss the small parts of the tumor
in some of the slices (Figure 2.12). To solve this problem, similarity to the
detection of the previous slice is compared and if there is a tumor part it is filled

(Figure 2.13).

14
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Figure 2.13. Radius error fixed

The other problem of the tumor detection algorithm which can mark normal
brain parts as a tumor is solved by checking the slices for continuity. A brain tumor
is a whole thing so if a slice has detection and it is not continuous over other slices,

detection 1s canceled.

Figure 2.15. Detection error fixed

2.3. Conclusion

The detection process is not just about detecting tumors from the input
image, in that way accuracy would be very low. The process takes an input image
and by applying several algorithms, prepares the image for itself before detection
to obtain accurate detection. Figure 2.16 shows the block diagram of the whole
detection process for a single MRI slice and Figure 2.17 shows an output image.

Nevertheless, detection can still face some problems. To overcome these problems,

15
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after applying the detection algorithm to all of the slices, the whole set of slices are

taken and checked if they satisfy continuity in 3D.

Noise HEtogram Addrionzl Fillirg the
P P i P P P P en P P

Figure 2.16. Block Diagram of the detection process

Figure 2.17. Tumor Detection Output
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3. RENDERING

3.1. Introduction

This chapter is about how the rendering process is implemented in the
software. Rendering is not limited to tumor detected images, the software has
options to render usual medical imaging slices under desired conditions which will
be explained in the next chapter.

The rendering process will be explained with a CT HEAD dataset because
tumors spread randomly inside the brain and their resolution is low, so it can not be
verified that the 3D model is realistic. To make sure that 3D models of the tumors

are realistic, a realistic output from the CT HEAD dataset was acquired.

3.2. Volume Rendering

Once the image segmentation has been accomplished for all of the slices,
volume rendering is used to obtain the 3D model of the detected brain tumor. The
3D image is obtained by combining 2D MRI images that went through the image
segmentation algorithms. At this stage, the raw data from the slices are rendered

using voxels with the intensity values of corresponding pixels (Figure 3.1).

17
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(@) (b)

(c)
Figure 3.1. 3D Rendered image of CT dataset. a. Sagittal, b. Sagittal, and c.
Frontal

3.3. Surface Normal Estimation

In order to add lighting and see how the obtained object looks in a 3D light
scene, the surface normal estimation must be done. Because voxels obtained from
the pixels do not have a normal value, they will end up in complete darkness in an
illuminated scene. This means surface normal for every voxel has to be calculated.
Surface normals of the voxels are calculated by examining the neighborhood
voxels. Since the examination is done in 3D, it is called the voxel-space surface
normal estimation method [17]. By examining the existence of 26-connected

neighborhood voxels seen in Figure 3.2, the surface normal for every voxel is

18
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individually defined. Voxels react according to the light after they have normal
value information. After all surface normals are calculated, an illuminated scene
can be formed by shedding lights in the space. The obtained 3D model at this stage
is seen in Figure 3.3. Although a 3D object is obtained, it has some problems and it
is not realistic. Further calculations must be done to increase the quality of the

rendered object.

Figure 3.2. 26-Connected Neighborhood Voxels
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(@) (b)

(c)
Figure 3.3. 3D Rendered image of CT dataset after surface normal estimation.
a. Sagittal, b. Sagittal, and c. Frontal

3.4. Surface Smoothing

As seen in Figure 3.3 the image is still not realistic even after calculating
the surface normals. The image has a smoothness problem because of the gap
between 2D slices. Slices are recorded at intervals, so they are not continuous. This
discrete sampling causes a problem called the staircase effect [17]. To get rid of
this problem surface smoothing is done.

In the developed software surface smoothing is done by using the 26-
connected neighborhood voxels again. First, 26-connected neighborhood voxels are

checked to see which ones exist, and existing voxels with non-zero surface normal

20
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values are taken and averaged with the surface normal value of the current voxel.
Also, to preserve the edges, the angle between the current surface normal and the
surrounding surface normal is compared to satisfy a threshold angle. After these

calculations, the staircase effect is gone and the image is smooth (Figure 3.4).

(c)
Figure 3.4. 3D Rendered image of CT dataset after surface smoothing. a. Sagittal,
b. Sagittal, and c. Frontal
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3.5. Conclusion

With surface smoothing, a realistic image is obtained with the CT dataset.
Obtaining a realistic 3D image from the CT dataset means high-quality rendering is
accomplished and the software is ready for the 3D rendering of the detected

tumors.

22



4. SOFTWARE IMPLEMENTATION Devrim KAYALI

4. SOFTWARE IMPLEMENTATION

4.1. Introduction
This chapter is about how the software is developed and how to use it to
obtain results like displayed in this thesis. Some information about the software,

tools included in the software and the walkthrough of the usage are given below.

4.2. Software Design
The software was designed using C#, and OpenGL coding. It consists of
two main parts; the user interface at the left side of the screen and the graphical

output screen at the right side of the screen (Figure 4.1).

Onginal Images Tumor Delected Images

Lead images Lead images

a1 Flandar Export Tumor Detected Images
Light Properties
Position
B ught 1 # z

i Air To Surface Ratio - 50 ¢

TP [ Tumer ONL

Ambient
> 025 | Shading . OF On @

Moamrement — mn

Volume : 201 cm3

Figure 4.1. Screenshot of the developed software
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“Load Images” button under the original images picture box is for
uploading the images to the software. After uploading the images, there are 3
different options. If just rendering of the images is needed, the “Render” button is
used while the “Tumor ONLY” checkbox is unchecked. Otherwise, no image will
be obtained since there is no detection done. If detection needs to be done, “Start”
button executes the tumor detection algorithm. 5 images in parallel are taken at a
time to the process and rendering can be done after detection process for the whole
dataset is finished. Detection process takes about 45 seconds for each slice, which
means 5 images are processed every 45 seconds. Also, output images can be saved
for later use with the “Export Tumor Detected Images” button. These images can
be used later with the “Load Images” button under the tumor detected images

picture box to directly do the rendering.

4.3. Software Tools

There are some tools can be used and parameters that can be changed in the
software. Scrollbar under the picture boxes is for scrolling through the dataset and
inspect the 2D images.

There are 2 different lights defined in the space. They can be turned on and
off and their position (x,y,z) in the space can be defined individually as desired.
Also Ambient (R, G, B), Diffuse (R, G, B), Specular (R, G, B) parameters of the
lights can be changed.

Air to Surface Ratio can be defined to get rid of noises or to view just the

desired parts. For example, viewing the skull in a CT image (Figure 4.2).
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Figure 4.2. CT Head dataset thresholded

“Tumor ONLY” checkbox must be checked to view a tumor. When it is
checked, only the detection which is marked as red will be rendered as it was
mentioned before. Rendering while this checkbox is unchecked means rendering
all of the pixels that satisfy the Air to Surface Ratio parameter.

Also, shading can be turned on and off. While shading is on the image is
displayed realistic as the final high-quality image obtained which explained in
Chapter 3. Turning shading off means viewing the image at its raw state with

original intensity values (Figure 4.3).

Figure 4.3. CT Head dataset thresholded and rendered shading off
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A Measurement between two points can be done by clicking two points
after clicking the “Measurement” button. This will display the distance between
these two points. Also, the volume of the rendered object will be automatically
displayed after the rendering process is completed.

The output image can be inspected using the translation, rotation, zoom in
and zoom out features with left-click, right-click and scrolling when the cursor is

on the output screen.

Original Imagos Tumor Detected Imagos

Lead nages( 5 ) Load Images 6- )
7) ,
'arf\le Aercer( Q) Expon Tumor Datacted mages (1 ()
Light Properties - -
Position ~
L1 [1000 3] x [ropaay v 1000 [3 16)
17 (12) Air To Surfece Retic 5 12
7 g 2 N v 100 52 G oy
@ Tmrony37)
Ambsant b -
< » 2% 3| Shading:- O on ®(18)
13
« » 087 % Meanromert -mm(10)
Dittuse =
« _ > 0B & Volume - 201 em3(2(])
« 14) » 81 3
€ o » 023 %
Speculor
<
15) » 1

Figure 4.4. Numbered software sections.
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Table 4.1. Description of the numbered sections.
NUMBER |DESCIPTION
1 |USER INTERFACE SCREEN
OUTPUT SCREEN
3 |ORIGINAL IMAGES PICTUREBOX
4 |TUMOR DETECTED IMAGES PICTUREBOX
5 [BUTTON FOR UPLOADING RAW IMAGES
6 [BUTTON FOR UPLOADING PRESAVED TUMOR DETECTED IMAGES
7
8
9

SCROLLBUTTON FOR SCROLLING THROUGH THE IMAGES IN THE PICTUREBOXES
BUTTON TO START THE DETECTION PROCESS

BUTTON TO START VOLUME RENDERING CALCULATIONS

10 BUTTON FOR SAVING THE TUMOR DETECTED IMAGES FOR LATER USE

11 CHECKBOXES TO TURN LIGHTS ON AND OFF IN THE SCENE

12 LIGHT POSITION PARAMETERS (x,y,z)

13 LIGHT AMBIENT PARAMETERS (R,G,B)

14 LIGHT DIFFUSE PARAMETERS (R,G,B)

15 LIGHT SPECULAR PARAMETERS (R,G,B)

16 AIR TO SURFACE RATIO PARAMETER

17 CHECKBOX TO TOGGLE BETWEEN NORMAL RENDERING AND TUMOR DETECTION RENDERING
18 RADIOBUTTONS TO TURN SHADING ON AND OFF

19 MEASUREMENT SECTION

20 VOLUME OF THE RENDERED OBJECT

21 RENDERED OBJECT

4.4. Conclusion

The software has a simple use that combines tumor detection and volume
rendering. There is not any pop-up screen, so everything can be inspected on the
same screen and changes on the parameters will take effect dynamically. Changes
that require recalculation will not take effect instantly, because steps described in
Chapter 3 has to be done again. For example, if air to surface ratio is changed, the
structure of the object will be changed and because of this surface normals has to

be calculated again.
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5. RESULTS

This chapter shows the results obtained from the developed software.
There are detections of 5 different datasets (Figure 5.3, Figure 5.5, Figure 5.7,
Figure 5.9 and Figure 5.11) and rendered 3D images of their detections from 3
different views below (Figure 5.4, Figure 5.6, Figure 5.8, Figure 5.10, Figure 5.12).
Also, some HEAD NECK datasets are rendered to visualize the quality of the

rendering algorithm on different datasets (Figure 5.1 and Figure 5.2).

(a) (b)
Figure 5.1. 3D Rendered image of a Headneck Cetuximab dataset. a. Sagittal, b.
Frontal

@) (b)

Figure 5.2. 3D Rendered image of a Headneck Cetuximab dataset. a. Sagittal, b.
Frontal
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Figure 5.3. Dataset 1 detection.

Figure 5.4. Tumor 1 from 3 different angles.
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Figure 5.5. Dataset 2 detection.

Figure 5.6. Tumor 2 from 3 different angles.
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Figure 5.7. Dataset 3 detection.

Figure 5.8. Tumor 3 from 3 different angles.
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Figure 5.9. Dataset 4 detection.

Figure 5.10. Tumor 4 from 3 different angles.
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Figure 5.11. Dataset 5 detection.

Figure 5.12. Tumor 5 3 different angles
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6. DISCUSSION

A total of 256 slices from 5 different datasets was processed which consist
of 49,51,53,52 and 51 slices respectively. 99 detections made in these datasets;
35,11,16,22 and 15 respectively. In 1 of the slices, the tumor was totally missed. In
3 slices there is detection but a small part of it is missed. In 7 slices, there are extra
filled tumor parts which cause a little noisy 3D image. There was no wrong
detection.

In medical imaging, the final processed image quality is very important
since it must give accurate and realistic results to provide information and to help
diagnosis. There are three image quality aspects; subjective, objective and
perceptual measurement. Subjective measurement is the numerical satisfaction
values of a number of viewers. In objective measurement, mathmematical
deviations between processed images and original images are calculated.
Perceptual quality measurement is related to the human visual perception. Since
human can extract information from viewing a field, it is considered to be an
accurate quality metric (Celebi and Cevik, 2010).

The output image quality is perceptually satisfying even for the low-
resolution images of the tumors. The realistic output image obtained from the CT
HEAD dataset proves that the volume rendering algorithm works efficiently and

the output images of the tumors look realistic.
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7. CONCLUSION

This study was carried out in 4 steps. The first step was the research and
the study of the algorithms used in image segmentation and volume rendering, and
obtaining the datasets to be used. After gathering the datasets and enough
information about the algorithms, the second step was trying different
combinations of image segmentation algorithms on the datasets to achieve accurate
detection. A good combination was obtained which was given in Chapter 2. The
next step was to apply volume rendering algorithms to obtain the 3D model. An
option was added to the software to render both tumor detections and any type of
2D slice datasets, such as CT or MRI without any process. Volume rendering
objective was completed by using the CT HEAD dataset because it is hard to
understand the success rate with the tumor detections since they have unpredictable
random shapes. In the last stage, the user interface was improved, and some tools
were added to the software so the inspection can be done better.

Use of the developed software can save time and reduce human workload.
More information can be obtained out of 2D slices in a short time and if there is an
operation that needs to be done, visualization of what you are going to deal with
can be shown. This means better preparation for the operation, which will greatly

increase the success rate of it.
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