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Multiple Sclerosis (MS) is an autoimmune disease of central nervous system. It may
result in a variety of symptoms from blurred vision to severe muscle weakness and
degradation, depending on the affected regions in brain. To better understand this disease
and to quantify its evolution, magnetic resonance imaging (MRI) is increasingly used
nowadays. Manual delineation of MS lesions in MR images by human expert is time-
consuming, subjective, and prone to inter-expert variability. Therefore, automatic
segmentation is needed as an alternative to manual segmentation. However, the
progression of the MS lesions shows considerable variability and MS lesions present
temporal changes in shape, location, and area between patients and even for the same

patient, which renders the automatic segmentation of MS lesions a challenging problem.

In this dissertation, a set of segmentation pipelines are proposed for automatic
segmentation of multiple sclerosis (MS) lesions from brain magnetic resonance imaging
(MRI) data. These techniques use a trained support vector machine (SVM) to
discriminate between the blocks in regions of MS lesions and the blocks in non-MS
lesion regions mainly based on the textural features with aid of the other features. The
main contribution of this set of frameworks is the use of textural features to detect MS

lesions in a fully automated approach that does not rely on manually delineating the MS
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lesions. In addition, the technique introduces the concept of the multi-sectional views
segmentation to produce verified segmentation. The multi-sectional views pipeline is
customized to provide better segmentation performance and to benefit from the properties
and the nature of MS lesion in MRI. These customization and enhancement leads to

development of the customized MV-T-SVM.

The MRI datasets that were used in the evaluation of the proposed pipelines are
simulated MRI datasets (3 subjects) generated using the McGill University BrainWeb
MRI Simulator, real datasets (51 subjects) publicly available at the workshop of MS
Lesion Segmentation Challenge 2008 and real MRI datasets (10 subjects) for MS subjects
acquired at the University of Miami. The obtained results indicate that the proposed
method would be viable for use in clinical practice for the detection of MS lesions in

MRI.

www.manaraa.com



Acknowledgment

I would like to thank GOD (ALLAH) in the first place, who created suitable
circumstances for me to accomplish this work including putting me in contact with many
people who were keen to provide help and support to me to finalize and complete my
Ph.D. degree. I would like to thank the prophet Mohamed who is my inspiration for
success in life, for the betterment of mankind, and for getting the reward from ALLAH in

the heavens on the Day of Judgment.

I extend my sincere appreciation to many people who made this work possible.
Many thanks to Dr. Akmal Younis for his valuable directions, for the help and support he
provided in research, and for the many hours he spent with me in meetings and the time
he devoted to provide deep thought, analysis, and judgment regarding my work. I ask
ALLAH to bless him and to make him reach paradise. I ask ALLAH to bless his young
kids. I am highly indebted to both Dr. Mei-Ling Shyu and Dr. Nigel John for their
support in helping me to complete the thesis after Dr. Akmal Younis passed away. I
would like to thank every professor, colleague, and employee at the University of Miami
who helped me and made my mission easy. I would like to thank Mohamed Abdel-Latif

for his help in reviewing the dissertation write up.

I would also like to acknowledge with much appreciation the crucial role of my
family. I would like to thank my father and mother and ask ALLAH to bless them. I
would like to thank my sisters, uncles, aunts, brothers-in-law, cousins, and close friends

for their encouragement and financial support. A special thanks to my dear wife who

il

www.manaraa.com



provided a lot of encouragement, patience, and sacrificed a lot of time that I could not

spend with her or with our daughter, Mariam.

v

www.manharaa.com




Contents

List of Figures X
List of Tables Xiv
CHAPTER 1 INTRODUCTION ...cuuiiiirvurcsssnrcsssancssssssssssssssssssssssssssssssssssssssssssssssssssassssses 1
1.1 Scope and Limitations of the Proposed MS Lesions Segmentation Framework 5
1.2 Outline of the Dissertation 5
CHAPTER 2 BACKGROUND....cuutiiiiieceiissssnsssssiccsssssssssssssssscsssssssssssssssssssssssssssssssssess 7
2.1 Multiple Sclerosis (MS) 7
2.2 Magnetic Resonance Imaging (MRI) 8
2.3 MS Segmentation in MRI of the Brain 13
2.4 Texture Extraction Techniques 14
2.4.1 Histogram based FEATUIES.........cccuieiieiietieeiieieeie ettt ettt ettt et et sse e aeeaeenee s 14
2.4.2 Gradient based FEAtUIES. ........cueiiiiieiieie ettt ettt sttt ettt e s e s ae e be e seenaeeneeenee 15
2.4.3 Run Length Matrix based FEatures...........cooceiiriiiiieieeee e 15
2.4.4 Co-occurrence Matrix based FEAtUIES ..........cocoviiiririiieieieiee sttt 16
2.5 Support Vector Machine (SVM) 17
2.5.1 Kernels: From Linear to Non-Linear CIassifiers ..........ccccoereririerinereeieienienienesenesieeieeeereneennes 18
2.5.2 Support Vector Machines: Large Margin ClasSifier..........cccvevierieriiriinienieieeeeesee e 22

CHAPTER 3 AUTOMATIC SEGMENTATION OF MULTIPLE SCLEROSIS

LESIONS IN BRAIN MR IMAGES.....coininrrrnrnensnensaensnecsansssnessne 25

www.manaraa.com



3.1 Segmentation Framework 26

3.1.1 Pattern Classification based FramewWork.........c.ccoceirieiiiiiniininininiccccccese et 27
3.1.2 Contextual model based Framework ...........ccccoeririiiririiiiiiiiieneseseseeteteese e 28
3.2 MRI Sequence Selection 33
3.2.1 SiNGIe CRANNEL. ..ottt sttt ettt et et et et e s et eeeebeebeeseeneenneeens 33
3.2.2 MUItE CRANNELS ...ttt ettt b ettt et e st e e bt s et eb e esee e eteeseebeebeeseeneensenans 34
3.3 Preprocessing steps 35
3.4 Features Extraction 36
3.4.1 Features Generated without Image Processing .........ccoceveerieriieiiieieeieceeeee e 36
3.4.2 Features Generated with Image ProCessing ...........cooieriiiirienienieeee e e 38
3.5 Pattern Recognition Algorithm 40
3.5.1 K-Nearest Neighbor (KININ) ....cc.oooiiiiieiiiieiiecieeie ettt ste et et sseesteesteesbeessasssesssesseesseessesssensns 41
3.5.2 DECISION FOTESES ....cueiuiiniiiiiietiet ettt ettt b et h et et e bbbt bbb bt ebe et e e nnens 42
3.5.3 Principal Components ANALYSIS........c.eecuerierieriierieriiesieseeseeteeeeeeesseesseeseessesssesseesseensessesnsesnsesnns 43
TR T € 11 o) o 1 SRR 44
3.5.5 Support Vector Machine (SVIM)......coueeuiiiiiie ittt s 45
3.5.6 Expectation MaXimiZatiON..........cccveeruieeriieeiiieriieesiteesteesseesseessseessseesseeessseessessssesessesssseesssessnseesnsees 45
3.5.7 OULHET DEECTION ...ttt ettt ettt be st b e bt et et e e sae st e bt sbeebe et ennennens 46
3.6 Post processing steps 47
3.7 Performance evaluation 49
3.8 MS Lesions Segmentation Pipeline 50
3.8.1 One stage: Processing Core PIPEliNes..........ooiiuiiieiiieieieiee et 51
3.8.2 Two stages: Pre processing and Processing Pipelines ............ccecevieieienieiieienene e 51
3.8.3 Two stages: Processing and Post processing Pipelines...........ccecvvevvieiinienieneenieniesieseesve e 51
vi

www.manaraa.com



3.8.4 Three stages: Pre processing, Processing, and Post processing Pipelines ..........ccccceevveevvreeneennnne. 51

3.8.5 SPECIAL PIPCIINES......eeiieiiieiiieeietieteeieete ettt ettt ettt et e et esss e s st e seenseensesseenseeseenseensennes 52

3.9 Limitations and Open Areas 53

CHAPTER 4 TEXTURAL BASED SVM FOR MS LESION SEGMENTATION IN

4.1 Texture Analysis Open Area 56
4.2 Performance Evaluation 57
4.2.1 Dice SImMIlarity (DS):....ccviiieiieeiieiieieet ettt st et ebe e aeseesteesteessessseesaesseesbaessesssesseeseenseessennes 57
4.2.2 SENSIEIVILY 1evviitieitieiieteeteeteette st esteebessaesttesseesseesseesseessessaessaesseesseassesseesssenseenseassenssanssesseessenssesssenses 58
4.2.3 Detected Lesion Load (DLL): c....cocuiiiiiiiiiieieecieeiee ettt ettt et eveeseveeseveesareesaveeaseesaseesenes 58
4.2.4 True positive rate (TPR) and Positive Predictive Value (PPV) .......ccoooiiiiiiiiieee 58
4.2.5 MS Lesion Challenge Metrics and SCOTE ...........cceeiiriierierienieriteie ettt 59
4.3 Dataset 60
4.3.1 SYNRELIC DALA .....vieiiiiiiiiciecie ettt ettt te e bt et e e st e essesse e beesbaesbeesa e beeseenseenneenes 60
A.3.2 REAIDIALA ...ttt bbbt a ettt bbbttt eennes 61
4.4 Segmentation Framework 63
4.5 Pipeline 1 - Single View and Single-Channel MRI (FLAIR) Pipeline 63
4.5.1 PIOPTOCESSINE . ...eueeteentienteeiteeite ettt ettt ettt s b et e bt et e et e sh e e sbeesb e e bt e st e eateebe e bt enbeembesbeenbeenbeenaesneenas 64
4.5.2 Processing Core Module: Single Sectional View Textural Based SVM ........ccooceiiiiiininienenne. 65
4.5.3 POSt-Processing MOGUIE .........cccoieriieiieieiieieeie ettt ettt et ebeesseessesse e baessesssesssesseenseessennns 74
4.6 Pipeline 2 - Single View and Multi-Channels MRI Pipeline 83
4.6.1 Changes in Preprocessing MOAUIC...........ccuieiiiiiiieiieieie et 84
4.6.2 Changes in the Processing Core Module “Textural Based SVM” .......cccooiiiiiiiiiniineieeeeeee 87
vii

www.manaraa.com



4.6.3 POSt-Processing MOAUIE .........cceoieriieiieiiiieiieie et ste sttt ete sttt et e esseessesse e baessesssesssesseesseessennns 87

4.7 Pipeline 3 — Segmentation of MS in Multi-Sectional Views Multi-channel Slices..........ccccceeueeuueenee 92
4.7.1 Changes in Pre-Processing MOdULE .........cc.eeviiiiiieiieieeie et 95
4.7.2 Changes in core “textural based SVM” Module..........ccocoueiiiiiiiiiiiiieeeeeeeeeeeee e 96
4.7.3 Aggregate SEZMENTATION. ......coiiruiiiietietieteeite ettt ettt ettt et sa et e bt et e ea e sbee b e enbeenaeeneeeae 99

4.8 Experimental Results 104
4.8.1 Validation of the Main CIasSifIer.........cccoerueirerieiininieincieenet ettt ettt seeesaeseenen 106
4.8.2 Validation of the Single View Pipelines (Pipeline 1 and Pipeling 2)........ccccoevvecvivienveneniennennen. 108
4.8.3 Validation of the Multi-Sectional Views Pipeline (Pipeline 3) ........ccccevierieiinienierieeeieceee 113

CHAPTER 5 CUSTOMIZED MV-T-SVM FOR LESIONS AND TISSUES

DETECTION IN MRI.........ccccc0ceeuueee. ceeessnesssnesssnsssaesssassssessansssas 125
5.1 Statistical Textural Features in Multi-Channels Images 126
5.1.1 Multi-Channels Histogram based Features...........cocooieieirnieieniiice e 127
5.1.2 Multi-Channels Gradient based Features...........cccceueieierieneneninineeeeeieee e 128
5.1.3 Multi-Channels Run length matrix based Features.........c..ccvevierierierinciiiieiieseeie e 129
5.1.4 Multi-Channels Co-occurrence matrices based FEatures. ........c.cceevererieienieneneneneneneneeeeeenn 130
5.2 Regional Segmentation 131
5.3 MS Lesion Customized Learning Engine 134
5.3.1 Overlapping Learning of the Multi-Views SVIMS .......cooiiiiiiiiiiinienieeee e 134
5.3.2 Dealing with Imbalanced Data ............ccceeciiiierieriieiiceeeieeeie ettt sre e b esseseense e 139
5.4 Rule based Multi-Sectional Views Aggregate function 140
5.5 Automatic Contouring Algorithm 142
5.6 Experimental Results 146
viil

www.manaraa.com



5.6.1 MS LeSions SEZMENTAtION .....c.eetirueeuieieieriertestesteeteettettetest e ettt et estesteste st esbesbesbeebeeseeneeneensenee 146

5.6.2 Caudate SEEMENTALION ......c.eeruieiieiieieeiesterteete et e et et este et e estesseesseesseensesssesseesseeseansesnsesseenseensenns 150
CHAPTER 6 CONCLUSION 155
6.1 Summary 155
6.2 Findings: 156
6.3 Future Work 158
BIBLIOGRAPHY 160

iX

www.manharaa.com



List of Figures

Figure 2-1 : T1, PD and T2 Weighted Axial Brain Images...........cccceeeveevieniienienciiennnns 13

Figure 2-2 : A linear SVM. The circled data points are the support vectors - the examples
that are closest to the decision boundary. They determine the margin with which the two

ClasSes are SEPATALEA. ......c..eeiuieriiiiiieie ettt ettt et ettt e be e enne 20
Figure 3-1: Context-rich features proposed by Geremia et al., 2010............ccccecveerirennnnn. 40

Figure 3-2: Comparison between the automatic segmentation (Seg) and the manual

segmentation (RET)......coooiiiiiiii e 50
Figure 3-3: Customized pipeline proposed by Wu et al., 2006. ..........cccoeveeveriininneennene 52
Figure 3-4: Customized pipeline proposed by Leceour et al., 2008. ..........cccovverervennene 53

Figure 4-1: Single View Pipeline — Single Channel MS Segmentation Pipeline (Pipeline

L) ettt a e bttt e a e bttt ettt saenae s 64
Figure 4-2: Intensity correction for FLAIR Sequence. .........ccccovveeveiviinienienieniencenieeene 65
Figure 4-3: Position Features Extraction on a Sample SIice.........cccccoevviiniininiiniinennn. 68
Figure 4-4: Neighboring Blocks Features on a Sample Slice.......c..coceviiniiiiniinennennn. 68
Figure 4-5: All possible overlapping blocks that contain a pixel. .........c.ccoeiniiinnnin. 73
Figure 4-6: Using Textural SVM in Single Channel and Single View..........cccccocevvrnnnene 74
Figure 4-7: False negatives and positives in the textural segmentation................cceuen. 75
Figure 4-8: Formulation of Criteria and Thresholds used in Post processing. ................. 76
X

www.manaraa.com



Figure 4-9: Post processing Stepl: Elimination of segmented lesion regions in odd

LOCALIONS. .o 77

Figure 4-10: Post processing Step2: Detection of the non-detected lesion regions using

NEIZNDOTING SHICES. 1..vviiiiiiiieeiieiie et ettt et e e beesabeenbeesnseenseesasaens 79
Figure 4-11: Fuzzy Engine used in Lesion Regions Shape Correction (Step 3-a). .......... 81
Figure 4-12: Post processing Step3: Lesion Regions Shape Correction..............ccc.eeue...n. 84
Figure 4-13: Registration To MNI Atlas with T1 sequence. ........c..ccccevveenievienienenniennen. 85
Figure 4-14: Co-Registration of the different channels. ...........ccccooceiviniinniininis 86

Figure 4-15: Neighboring Background (Marked by Yellow rectangle) of a Lesion Region

(Marked by Red indicating False POSItIVE).........cccevieriiieniiiiienieeiiee e 90

Figure 4-16: An MS lesion volume in the three sectional views. (a) The cursor points to
an MS lesion region in the axial view. (b) The cursor points to the corresponding MS

lesion region in the sagittal view. (¢) The cursor points to the corresponding MS lesion

1€Z10N 1N the COTONAL VIEW......eiiiiiiiiiiiiiiiieie ettt ettt et 93
Figure 4-17: MS lesions Multi-sectional views — Multi-Channels MS lesions
segmentation framework (PIpeline 3)........cccooiieiiiiiiiiieiieeee e 94
Figure 4-18: Using Textural SVM in Multi-Sectional VIiews. ........cccccecevieveniineenennn. 98

Figure 4-19: Segmentation sets of single views: Axial (A), Sagittal (B) and Coronal (C).

Figure 4-20: Aggregate segmentation of the multi-sectional views segmentations. ...... 103

xi

www.manaraa.com



Figure 4-21: Receiver Operating Characteristics (ROC) curve for main processing

PEITOTIIIANICE. ....viiiiiiniieeiii ettt ettt et ettt et e et e et e et e e nseeeateesbaeenbeenseeenseessneenseennns 107

Figure 4-22: Free-response receiver-operating characteristic curve for overall

performance of a state of the art method in detection of MS lesions. .........ccccccveeeenneene. 107

Figure 4-23: Effect of the Post processing steps on the overall segmentation performance.

Figure 4-24: Comparison between the proposed method and a state of the art method. 118
Figure 4-25: Dice similarity versus the total lesion load. ........c..ccocoeviriiniininiinennnne. 120

Figure 4-26: Snapshot of the results table generated automatically by the MS Lesion

Segmentation Challenge workshop evaluation software for the segmentation of the test

Figure 5-1: Atlas Discrete Labels for a brain Slice. .........cceceveeviriiniininiiiniicieeene, 131

Figure 5-2: Distribution of MS lesion on the brain regions according to analysis made on

training dataset registered to MINI atlas. .........cccoviiieiiiiiiiiieee e 132
Figure 5-3: Calculated posterior based on the anatomical tissues likelihood. ................ 133

Figure 5-4: Line SC resulting from intersection of Sagittal Block (S) and Coronal Block

() ettt et b ettt b ettt h et et nae e b eaees 135
Figure 5-5: Rule based Multi-View Aggregate Function. .......c..ccoceeveevicnienenicneenennne. 142

Figure 5-6: Multi-Views segmentations (A, B and C) sand Basic Contours determination.

Figure 5-7: Proposed Lesion Region Contouring Algorithm. .........ccccoceviininiinicnennne. 145

xii

www.manaraa.com



Figure 5-8: MS Lesion boundary generated by the proposed automatic contouring

ALOTIERIML ..ottt ettt et te et e et e e be e neeenbeesaeaens 146
Figure 5-9: Effect of overlapping learning of three views engines on MVE.................. 147

Figure 5-10: Effect of using multi-channels textural features on the ROC curve compared

WIth PIPEIING 3. oottt ettt e e s e e b e enseenseeenne 148
Figure 5-11: Effect of contouring algorithm on lesion region boundary voxels. ........... 149

Figure 5-12: Segmentation results of UM datasets using customized MV-T-SVM versus

PIPELINE 3.ttt ettt st ettt et 149
Figure 5-13: Caudate SeZmentation. ...........ceeevuerierienienieniieie ettt 150
Figure 5-14: Caudate analysis using multi-views segmentation.............ccceeeveerveeneveenen. 153

xiii

www.manharaa.com




List of Tables

Table 2-1 : Summary of T1, T2, and PD Weighting ..........ccccoeevviiieiiiieiieeiee e 13
Table 4-1 : A square Block Features Vector in Single-View Single Channel Pipeline.... 69

Table 4-2 : A square Block Features Vector in Single-View Multi-Channels Pipeline. .. 88

Table 4-3 : Segmented Lesion Region Features Vector .........cocovveeciiievciieenciiecciie e 89
Table 4-4 : Segmented Pixel Features Vector.........oovvviieiiieeiiiiecieeeieeeee e 92
Table 4-5 : Segmentation ReSult...........coocviieiiiiiiiiiiiiceeeeeeee e 110

Table 4-6 : Comparison of the automated methods for detection of MS in MR images 113
Table 4-7 : Segmentation results for the BrainWeb subjects for different noise levels . 117

Table 4-8 : Comparison between the proposed method and state of the art methods on
BrainWeb moderate lesion level dataset for different noise levels based on of dice

STIMILLATTEIES . ¢t e e ettt e e e ettt e e e e e e e e e e e e eaeeeeeeeae e e aaeeeeeeeeaanaaaaaaeeane 117

Table 4-9 : Comparison of the proposed method segmentation results with state of the art

INIETROMAS. oottt ettt ettt en e nenenennnnnenennnnnnnn 122

Table 5-1 : Segmentation Results — Segmenting Caudate from training subjects of

CAUSEDT. ettt sttt sttt e a e et 154

X1V

www.manaraa.com



Chapter 1
Introduction

Multiple sclerosis (MS) is a chronic idiopathic disease that results in multiple areas of
inflammatory demyelization in the central nervous system (CNS). Progressive MS lesion
formation often leads to cognitive decline and physical disability. Due to its sensitivity in
detecting MS lesions, Magnetic Resonance Imaging (MRI) has become an effective tool
for diagnosing MS and monitoring its progression. Accurate manual assessment of each
lesion in MR images would be a demanding and laborious task, and would also be
subjective and have poor reproducibility. Automatic Segmentation offers an attractive
alternative to manual segmentation which remains a time-consuming task and suffers
from intra- and inter-expert variability. However, the progression of the MS lesions
shows considerable variability and MS lesions present temporal changes in shape,
location, and area between patients and even for the same patient. This makes the

automatic segmentation of MS lesions a challenging problem.

The objective of the research work included in this thesis is to provide a robust
technique for automatic segmentation of multiple sclerosis lesions from brain MR
images. The study focuses on using textural analysis in the segmentation process. Both

single channel and multichannel MRIs are included in the research.

Texture analysis in MRI has been used with some success in neuro-imaging to
detect lesions and abnormalities. Textural analysis refers to a set of processes applied to

characterize special variation patterns of voxels grayscale in an image. Segmentation
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based on texture properties is promising in cases of lesions that are inhomogeneous, not
sharp, and faint, but show an intensity pattern that is different from the adjacent healthy

tissue.

The use of textural features is a promising approach for providing accurate
segmentation of MS lesions, especially when taking advantage of various MRI sequences
to benefit from their relevant and complementary information for MS segmentation.
However, to the best of our knowledge, texture based MS segmentation approaches that
have been previously reported were applied to ROIs that are manually selected by an
expert to indicate potential regions including MS lesions, which makes the segmentation
process semi-automated. Therefore, efforts are needed to automate the use of textural

features in the detection of MS lesions.

Support Vector Machines (SVM’s) are supervised machine learning techniques,
recently developed in the framework of statistical learning theory. They have been used
with a great success in a variety of applications such as text categorization, face
recognition, and bioinformatics. The great advantage of the SVM technique over
conventional techniques, besides the well-established theoretical definition, is its capacity
of working with high dimensional feature vectors without losing the generalization

performance.

Motivated by the ability of textural features to describe the special patterns such
as the MS lesions and the ability of the support vector machines (SVM) to work with

high dimensional feature vectors without losing the generalization performance, a
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technique that combines these two aspects is proposed aiming to get a robust competitive

MS lesions automatic segmentation clinical tool.

Most of segmentation techniques in the literature suffer from high false positives
due to the similarity between MS lesions and the white matter tissue and also due to
basing the learning on voxels while the lesions form regions. Comprehensive study of
false positive and negative in MS segmentation is needed to introduce a generic post-
processing method that can be merged with our proposed segmentation technique or any

other technique to provide more accurate and clinical friendly results.

Most of segmentation techniques process the MRI axial slices. Thanks to the 3D
nature of the MRI, data can be studied from three sectional views: axial, sagittal, and
coronal. Segmentation results obtained from a classifier that is trained with axial slices
data can be verified, assessed or enhanced by segmentation performed by classifier on the
other brain sectional views. Multi-views segmentation is a concept in our research plan to

be incorporated in the proposed technique.

Utilizing textural features without the need for manual labeling of ROlIs, utilizing
SVM, enabling segmentation using multi-channels MRI data and taking into account the

different sectional views of the lesion volume are the pillars of the proposed technique.

In this dissertation, we propose a segmentation framework which is based on an
SVM fed by feature vector consists mainly of textural features with other groups of
features. We refer to this core engine by textural based SVM. A comprehensive post
processing module that addresses all possible segmentation errors is proposed to improve

the segmentation quality. The progress of development of the segmentation framework
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through this thesis was initialized by providing a technique for segmentation of FLAIR
slices in axial view. Improvements were made to this technique to support the multi-
channels MRI. Then the proposed multi-sectional views segmentation concept was used

to provide a robust technique that provides competitive results.

The multi-sectional views segmentation framework is customized and a more
robust framework (Customized MV-T-SVM) is presented to overcome the limitations
and issues raised while testing. The customized MV-T-SVM uses 3D nature of the MRI
information, template tissue information provided for images which are registered to an
anatomical atlas and textural information from the multi-channels images. SVM learning
procedure is revised to address imbalanced classes and to synchronize the learning of the

engines of the three views.

This technique is tested using both simulated and real MRI datasets. The MRI
datasets that were used in the evaluation of the proposed pipelines are simulated MRI
datasets (3 subjects) generated using the McGill University BrainWeb MRI Simulator
[1], real datasets (51 subjects) publicly available at the Workshop of MS Lesion
Segmentation Challenge 2008 [2] and real MRI datasets (10 subjects) for MS subjects
acquired at the University of Miami. The obtained results indicate that the proposed

method would be viable for use in clinical practice for the detection of MS lesions in

MRI.
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1.1 Scope and Limitations of the Proposed MS Lesions Segmentation Framework

The proposed MS lesions segmentation framework deals with T1, T2, PD, and FLAIR
the MRI channels. The Diffusion Tensor Imaging (DTI) is not included in our research
work. The proposed technique is designed mainly for MS lesions detection and the
different tissues of the brain are not segmented. The current state of the patient brain is
the input dataset for the MS detection technique and there is no follow up for the lesion

progression over periods of time.

1.2 Outline of the Dissertation

The dissertation is organized as follows:

In Chapter 2, we provide background topics that will be used in the next
chapters. These background topics include the Multiple Sclerosis (MS) disease, Magnetic
Resonance Imaging (MRI) sequences, segmentation process, textural feature extraction

techniques and support vector machines.

In Chapter 3, we provide a comprehensive survey that covers the state of the art

techniques that address the automatic segmentation of MS lesions in the MRI.

In Chapter 4, we present our proposed approach developed that uses the textural
features with a robust machine learning technique to achieve multiple sclerosis (MS)
lesions segmentation in the brain MR images. The approach is presented in form of single
view segmentation pipelines (single channel MRI and multi-channel MRI) and multi-

sectional views pipeline.
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In Chapter 5, we present the customized MV-T-SVM which is proposed to
provide optimal segmentation for MS and overcome the limitations and issues raised

while testing the multi-sectional views’ segmentation pipeline.

In Chapter 6, we summarize the work presented in this dissertation and we

provide further insight regarding the areas of potential improvement.

www.manharaa.com




Chapter 2
Background

This chapter provides the research objectives along with background topics including the
Multiple Sclerosis (MS) disease, Magnetic Resonance Imaging (MRI) sequences,
segmentation process, common textural feature extraction techniques, and the definition

of the support vector machines.

2.1 Multiple Sclerosis (MS)

Multiple sclerosis (MS) is one of the most common diseases of the central nervous
system. Today over 2,500,000 people around the world have MS [3]. MS is the result of
damage to myelin, a protective sheath surrounding nerve fibers of the central nervous
system. When myelin is damaged, this interferes with messages between the brain and
other parts of the body. Symptoms vary widely and include blurred vision, weak limbs,
tingling sensations, unsteadiness and fatigue. For some people, MS is characterized by
periods of relapse and remission while for others it has a progressive pattern. For

everyone, it makes life unpredictable.

The cause of multiple sclerosis is not yet known, but thousands of researchers all
over the world are meticulously putting the pieces of this complicated puzzle together.
The damage to myelin in MS may be due to an abnormal response of the body's immune
system, which normally defends the body against invading organisms (bacteria and

viruses). Many of the characteristics of MS suggest an 'auto-immune' disease whereby the
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body attacks its own cells and tissues, which in the case of MS is myelin. Researchers do
not know what triggers the immune system to attack myelin, but it is thought to be a
combination of several factors. One theory is that a virus, possibly lying dormant in the
body, may play a major role in the development of the disease and may disturb the
immune system or indirectly instigate the auto-immune process. A great deal of research
has taken place in trying to identify an MS virus. It is probable that there is no one MS
virus, but that a common virus, such as measles or herpes, may act as a trigger for MS.
This trigger activates white blood cells (lymphocytes) in the blood stream, which enter
the brain by making vulnerable the brain's defense mechanisms (i.e. the blood/brain
barrier). Once inside the brain these cells activate other elements of the immune system
in such a way that they attack and destroy myelin. Women are more likely to develop
multiple sclerosis than men, with MS occurring 50% more frequently in women than in
men (i.e. 3 women for every 2 men). Multiple sclerosis is a disease of young adults; the
mean age of onset is 29-33 years, but the range of onset is extremely broad from
approximately 10-59 years. Due to its sensitivity in detecting MS lesions, Magnetic
Resonance Imaging (MRI) has become an effective tool for diagnosing MS and
monitoring its progression [4]. In the following section, a brief summary of the MRI is

presented.

2.2 Magnetic Resonance Imaging (MRI)

Magnetic resonance imaging (MRI) is a medical imaging technique used in radiology to
visualize detailed internal structures. MRI makes use of the property of nuclear magnetic

resonance (NMR) to image nuclei of atoms inside the body.
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An MRI machine uses a powerful magnetic field to align the magnetization of
protons in the body, and radio frequency fields to systematically alter the alignment of
this magnetization. This causes the protons to produce a rotating magnetic field of larger
frequency detectable by the scanner and this information is recorded to construct an
image of the scanned area of the body [5] Strong magnetic field gradients cause nuclei at
different locations to rotate at different speeds. 3-D spatial information can be obtained

by providing gradients in each direction.

MRI provides good contrast between the different soft tissues of the body, which
make it especially useful in imaging the brain, muscles, the heart, and cancers compared
with other medical imaging techniques such as computed tomography (CT) or X-rays.

Unlike CT scans or traditional X-rays, MRI uses no ionizing radiation.

An MRI sequence is an ordered combination of radiofrequency (RF) and gradient
pulses designed to acquire the data to form the image. The data to create an MR image is
obtained in a series of steps. First the tissue magnetization is excited using an RF pulse in
the presence of a slice select gradient. The other two essential elements of the sequence
are phase encoding and frequency encoding (read out), which are required to spatially
localize the protons in the other two dimensions. Finally, after the data has been
collected, the process is repeated for a series of phase encoding steps. The MRI sequence

parameters are chosen to best suit the particular clinical application.

The gradient echo (GE) sequence is the simplest type of MRI sequence. It consists
of a series of excitation pulses, each separated by a repetition time TR. Data is acquired at

some characteristic time after the application of the excitation pulses and this is defined
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as the echo time TE. The contrast in the image will vary with changes to both TR and TE.
Advantages of this sequence are fast imaging, low Flip Angle and less RF power where
the disadvantages are difficulty to generate good T2 contrast, sensitivity to BO

inhomogeneities and sensitivity to susceptibility effects.

The spin echo (SE) sequence is similar to the GE sequence with the exception that

there is an additional 180° refocusing pulse present.

Inversion recovery (IR) sequence is usually a variant of a SE sequence in that it
begins with a 180° inverting pulse. This inverts the longitudinal magnetization vector
through 180°. When the inverting pulse is removed, the magnetization vector begins to
relax back to BO. A 90° excitation pulse is then applied after a time from the 180° inverting
pulse known as the TI (time to inversion). The contrast of the resultant image depends
primarily on the length of the TI as well as the TR and TE. The contrast in the image
primarily depends on the magnitude of the longitudinal magnetization (as in spin echo)

following the chosen delay time TI.

Contrast is based on T1 recovery curves following the 180° inversion pulse.
Inversion recovery is used to produce heavily T1 weighted images to demonstrate
anatomy. The 180° inverting pulse can produce a large contrast difference between fat
and water because full saturation of the fat or water vectors can be achieved by utilizing

the appropriate TI.

FLAIR is another variation of the inversion recovery sequence. In FLAIR, the
signal from fluid (e.g. cerebrospinal fluid (CSF)) is nulled by selecting a TI

corresponding to the time of recovery of CSF from 180° inversion to the transverse plane.
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The signal from CSF is nullified and FLAIR is used to suppress the high CSF signal in
T2 and proton density weighted images so that pathology adjacent to the CSF is seen

more clearly. A TI of approximately 2000 ms achieves CSF suppression at 3.0T.

Soft Tissue Contrast in MRI

Contrast is the means by which it is possible to distinguish among soft tissue types owing
to differences in observed MRI signal intensities. For example, in musculoskeletal
imaging, there are differences among cartilage, bone, and synovial fluid. In
neuroimaging, there are differences between white and grey matter. The fundamental
parameters that affect tissue contrast are the T1 and T2 values, proton density, tissue
susceptibility and dynamics. Tissue pathology will also affect contrast, as will the static
field strength, the type of sequences used, contrast media and the sequence parameters

(TR, TE, TI, FA, SNR etc...).

T1 Weighting

To demonstrate T1, proton density or T2 contrast, specific values of TR and TE are
selected for a given pulse sequence. The selection of appropriate TR and TE weights an
image so that one contrast mechanism predominates over the other two. A T1 weighted
image is one where the contrast depends predominantly on the differences in the T1 times
between tissues e.g. fat and water. Because the TR controls how far each vector can
recover before it is excited by the next RF pulse, to achieve T1 weighting the TR must be
short enough so that neither fat nor water has sufficient time to fully return to BO. If the

TR is too long, both fat and water return to BO and recover their longitudinal
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magnetization fully. When this occurs, T1 relaxation is complete in both tissues and the

differences in their T1 times are not demonstrated on the image.

T2 Weighting

A T2 weighted image is one where the contrast predominantly depends on the differences
in the T2 times between tissues e.g. fat and water. The TE controls the amount of T2
decay that is allowed to occur before the signal is received. To achieve T2 weighting, the
TE must be long enough to give both fat and water time to decay. If the TE is too short,
neither fat nor water has had time to decay and therefore the differences in their T2 times

are not demonstrated in the image.

Proton Density (PD) Weighting

A proton density image is one where the difference in the numbers of protons per unit
volume in the patient is the main determining factor in forming image contrast. Proton
density weighting is always present to some extent. In order to achieve proton density
weighting, the effects of T1 and T2 contrast must be diminished, so that proton density
weighting can dominate. A long TR allows tissues e.g. fat and water to fully recover their
longitudinal magnetization and therefore diminishes T1 weighting. A short TE does not
give fat or water time to decay and therefore diminishes T2 weighting. Figure 2-1 below

shows a comparison of T1, T2, and PD weighting.
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Figure 2-1 : T1, PD and T2 Weighted Axial Brain Images
In Table 2-1, the TR and TE for T1, T2, and PD weighted sequences are compared.

13

Weighting TR TE
T1 Short Short
T2 Long Long
PD Long Short

Table 2-1 : Summary of T1, T2, and PD Weighting

2.3 MS Segmentation in MRI of the Brain

Accurate manual assessment of each lesion in MR images would be a demanding and
laborious task, and would also be subjective and have poor reproducibility [6]. Automatic
Segmentation offers an attractive alternative to manual segmentation which remains a
time-consuming task and suffers from intra- and inter-expert variability [7]. However, the
progression of the MS lesions shows considerable variability and MS lesions present
temporal changes in shape, location, and area between patients and even for the same

patient [8], [9], [10], [11]. This makes the automatic segmentation of MS lesions a

challenging problem.
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2.4 Texture Extraction Techniques

Textural features can be categorized according to the matrix or vector used to calculate
the feature. In this section, we are interested with histogram, gradient, run-length matrix
and co-occurrence based features. These categories include features that are selected after
being tested to be identifying for the texture of regions that suffer from the multiple
sclerosis lesions. For all feature calculations, the image is represented by a function f(x,y)
of two space variables x and y, x=0,1,...N-1 and y=0,1,..., M-1. The function f(x,y) can

take any value i=0,1,...,G-1 where G is total number of intensity levels in the image.

2.4.1 Histogram based Features

The intensity level histogram is a function h(i) providing, for each intensity level i, the

number of pixels in the whole image having this intensity.

N-1 M-I l, j=i
i) =3, 280/ (x.9).1):80..) = {0 jii @1

The histogram is a concise and simple summary of the statistical information contained in
the image. Dividing the histogram h(i) by the total number of pixels in the image
provides the approximate probability density of the occurrence of the intensity levels p(i),
given by:

p(i) = h(i)/ NM (2-2)

The following set of textural features is calculated from the normalized histogram:

G-1
Mean: i = Zip(i) (2-3)

i=0
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G-1
Variance: 0> = Z(z —,u)zp(i) (2-4)
i=0
G-1
Skewness: U = %Z(l — 1)’ p(i) (2-5)
O oo
G-1 2-6)

Kurtosis: g, = # ' (i—p) p(i)-3

1l
(=]

2.4.2 Gradient based Features

The gradient matrix element g(x,y) is defined for each pixel in the image based on the

neighborhood size. For a 3x3 pixels neighborhood, g is defined as follows:

A, =f(x=Ly)=f(x+1y)
A, = fl,y=1D~—f(x,y+1) (2-7)

g(x,y)=A +A

The following set of textural features is calculated from the gradient matrix:

1 N-1M-1
Mean of absolute gradient (GrMean) = N_Mz Z g(x,y) (2-8)
x=0 y=
1 N-1M-1
Variance of absolute gradient (GrVariance) = N_Z z (g(x,y)— GrMean)’ (2-9)
x=0 y=0

Skewness and kurtosis of the absolute gradient can be calculated similar to those

calculated for histogram.

2.4.3 Run Length Matrix based Features

The run length matrix is defined for a specific direction. Usually a matrix is calculated for

the horizontal, vertical, 45 and 135" directions. The matrix element r(i,j) is defined as the
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number of times there is a run of length j having gray level i. Let G be the number of gray

levels and N; be the number of runs. The following set of textural features is calculated

from the run length matrix:

G-1 N,

Short run emphasis inverse moments (ShrtREmph) = (ZZ
i=0 j=l1

r(i, J)

G-1 N,
Long run emphasis moments (LngREmph) = (Zz j*r(i, j))/C

i=0 j=I

G-1 N,

Gray level non-uniformity (GLevNonUni) = (Z (Z r(i, j))*)/C

i=0 j=1

N, G-l
Run length non-uniformity (RLNonUni) = (Z (z (@i, j))*)/C

j=1i=0

where the normalization coefficient C is defined as follows:

G-1

¥

C= 227G )

i=0

~.
I
—_

2.4.4 Co-occurrence Matrix based Features

(2-10)

(2-11)

(2-12)

(2-13)

(2-14)

The co-occurrence matrix is a form of second order histogram that is defined for certain

angle 0 and certain distance d. The matrix element hge(i,j) is the number of times f(x1,y1)

=1and f(x2,y2) =j where (x2,y2)=(x1,yl) + (d cos 0, d sin 0). Usually the co-occurrence

matrix is calculated for d = 1 and 2 with angles 6 = 0°, 450, 90" and 135°. When the matrix

element hgy (1,j) is divided by the total number of neighboring pixels, the matrix becomes

the estimate of the joint probability coge (i,j) of two pixels, a distance d apart along a

given direction 0 having co-occurring values 1 and j. Let py, py, o xand o y denote the
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mean and standard deviation of the row and column sums of the matrix co, respectively.

The following set of textural features is calculated from the co-occurrence matrix:

G-1 G-1
Angular second moment (AngScMom) = z Z (co(i, j))2 (2-15)
=0 j=
G-1G-1
Contrast = i— ) co(i, ) (2-16)
i=0 j=0
G-1G=l ;: . i o
Correlation = fjcoli, j) —uxpy (2-17)
i=0 j=0 0,0,
G-1G-1 . .
Inverse Difference = Z Lj?z (2-18)
i=0 j=0 1+@-j)
G-1 N,
: .. .. 2-19
Entropy = - ZZCO(Z, Jlog,(co(i, j)) (2-19)
i=0 j=l1

2.5 Support Vector Machine (SVM)

Support Vector Machine (SVM) is a supervised learning algorithm, which has at its core
a method for creating a predictor function from a set of training data where the function
itself can be a binary, a multi-category, or even a general regression predictor. To
accomplish this mathematical feat, SVMs find a hypersurface which attempts to split the
positive and negative examples with the largest possible margin on all sides of the
hyperplane. It uses a kernel function to transform data from input space into a high
dimensional feature space in which it searches for a separating hyperplane. The most
common types of kernel functions used are: polynomial for polynomial classifiers,
Gaussian for radial-basis function (RBF) classifiers, and tangent hyperbolic for two-layer

perceptron classifiers.

www.manaraa.com



18

For binary classification problems, the main idea of the SVM is to find a decision
boundary between classes in the original feature space by mapping the feature vectors to
a high dimensional space, where the features are more likely to be linearly separable. The
optimal separating hyperplane (OSH) is choose in the high-dimensional space as the one
that maximizes the margin of separability between the two sets of data points. This
choice counteracts the increasing generalization error when constructing a decision
boundary in higher-dimensional space. This approach also satisfies the Empirical Risk
Minimization principle, which seeks to minimize the upper bound on the generalization

error [12].

The SVM formulation proposed initially by Vapnik [12] does not include any
criteria to select the regularization parameter C or a kernel function that gives good
generalization (or results in a classifier with low expected error bound). In practical
problems, where the dataset does not present a large number of vectors, the VC-
dimension and the training errors can be used to select the best kernel function. However,
in problems involving several thousands of examples, such as segmentation of MS-
lesions from magnetic resonance images, this process becomes a very time consuming

task.

2.5.1 Kernels: From Linear to Non-Linear Classifiers

The data for a two class learning problem consists of objects labeled with one of two
labels corresponding to the two classes; for convenience we assume the labels are +1
(positive examples) or -1 (negative examples). In what follows x denotes a vector with

components xi. The notation xi will denote the i" vector in a dataset {(x;, yi)}i=;where y,
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is the label associated with x,. The objects x; are called patterns or examples. The
examples are assumed to belong to some set X. Initially, the examples are assumed to be
vectors, but once kernels are introduced this assumption will be relaxed, at which point
they could be any continuous/discrete object. A key concept required for defining a linear
classifier is the dot product between two vectors, defined as wix = ¥; w;x;. A linear

classifier is based on a linear discriminant function of the form

f)=wix+b (2-20)

The vector w is known as the weight vector and b is called the bias. Consider the case
b=0 first. The set of points x such that w”x = 0 are all points that are perpendicular to w
and go through the origin, a line in two dimensions, a plane in three dimensions, and
more generally, a hyperplane. The bias b translates the hyperplane away from the origin.

The hyperplane f(x) given by:

{x:f(x) =wlx+ b =0} (2-21)

divides the space into two: the sign of the discriminant function f(x) denotes the side of

the hyperplane a point is on as shown in Figure 2-2.
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'1'-01.0

Figure 2-2 : A linear SVM. The circled data points are the support vectors - the examples that are closest to the
decision boundary. They determine the margin with which the two classes are separated.

The boundary between regions classified as positive and negative is called the decision
boundary of the classifier. The decision boundary defined by a hyperplane is said to be
linear because it is linear in the input examples (Equation 2-21). A classifier with a linear
decision boundary is called a linear classifier. Conversely, when the decision boundary of

a classifier depends on the data in a non-linear way the classifier is said to be non-linear.

In many applications a non-linear classifier provides better accuracy. And yet, linear
classifiers have advantages, one of them being that they often have simple training

algorithms that scale well with the number of examples.

The naive way of making a non-linear classifier out of a linear classifier is to map our
data from the input space X to a feature space F using a non-linear function®: X — F. In

the space F the discriminant function is:
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fx)=w'd(x) +b (2-22)

The approach of explicitly computing non-linear features does not scale well with the
number of input features: when applying the mapping from the above example the
dimensionality of the feature space F is quadratic in the dimensionality of the original
space. These results in a quadratic increase in memory usage for storing the features and
a quadratic increase in the time required to compute the discriminant function of the
classifier. This quadratic complexity is feasible for low dimensional data; but when
handling gene expression data that can have thousands of dimensions, quadratic
complexity in the number of dimensions is not acceptable. Kernel methods solve this
issue by avoiding the step of explicitly mapping the data to a high dimensional feature-
space. Suppose the weight vector can be expressed as a linear combination of the training

examples, i.e. w = X7 a;x; . Then:

f) =X aix{x+b (2-23)

In the feature space, F this expression takes the form:

fl) =2k, @) 0(x) + b (2-24)

The representation in terms of the variables a; is known as the dual representation of the
decision boundary. As indicated above, the feature space F may be high dimensional,

making this trick impractical unless the kernel function K (x, x") defined as

K(x,x") = 0(x)"0(x") (2-25)

can be computed efficiently. In terms of the kernel function the discriminant function is:
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fG) =Xisgaik(o,x) + b (2-26)

A linear decision boundary can be “kernelized", i.e. its dependence on the data is only
through dot products. In order for this to be useful, the training algorithms need to be
kernelizable as well. It turns out that a large number of machine learning algorithms can
be expressed using kernels including ridge regression, the perceptron algorithm, and

SVMs.

2.5.2 Support Vector Machines: Large Margin Classifier

In what follows the term linearly separable is used to denote data for which there exists a
linear decision boundary that separates positive from negative examples as shown in
Figure 2-2. Initially, linearly separable data is assumed, and later how to handle data that

is not linearly separable is indicated.

In this section, the notion of a margin is defined. For a given hyperplane we denote by
x4(x.) the closest point to the hyperpalne among the positive (negative) examples. The
norm of a vector w denoted by ||w]| is its length. A unit vector W in the direction of w is
given by w / ||w|| and has||l7|7|| = 1. From simple geometric considerations the margin of

a hyperplane f with respect to a dataset D can be seen to be:

mp(f) = W7 (X, — X_) 2-27)

where W is a unit vector in the direction of w, and x; and x. are assumed to be equidistant

from the decision boundary i.e.
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fX)=W'X,+b=a

2-28
FX)=WTX_+b=—a (228

for some constant a > 0. Note that multiplying our data points by a fixed number will
increase the margin by the same amount, whereas in reality, the margin hasn't really
changed - we just changed the “units” with which we measure it. To make the geometric
margin meaningful we fix the value of the decision function at the points closest to the
hyperplane, and set a = 1 in equation (2-28). Adding the two equations and dividing by
||w|| we obtain:

1

1_
mp(f) = EWT(X+ -X)= T (2-29)

S

Now that we have the concept of a margin we can formulate the maximum margin
classifier. We will first define the hard margin SVM, applicable to a linearly separable
dataset, and then modify it to handle non-separable data. The maximum margin classifier
is the discriminant function that maximizes the geometric margin 1/ ||w|| which is

equivalent to minimizing ||w]||*. This leads to the following constrained optimization problem:

o 1.
minimize,, j, 3 [lwl]|

(2-30)
subject to: y,(WTX; +b)=>1i=1,...,n

The constraints in this formulation ensure that the maximum margin classifier classifies
each example correctly, which is possible since we assumed that the data is linearly
separable. In practice, data is often not linearly separable; and even if it is, a greater

margin can be achieved by allowing the classifier to misclassify some points. To allow
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errors, the inequality constraints are replaced in equation (2-30) with y;(WTX; + b) =

1—-¢gi=1,...,n

where &; > 0 are slack variables that allow an example to be in the margin (
0 <¢ <1,also called a margin error) or to be misclassified (¢; > 1). Since an example
is misclassified if the value of its slack variable is greater than 1, }’; &; is a bound on the

number of misclassified examples. Our objective of maximizing the margin, i.e.
minimizing - |lw||? will be augmented with a term C Y; &; to penalize misclassification

and margin errors. The optimization problem becomes:

1 n
minimize,, —||w||2+Cz &
2 i=1
(2-31)
subject to: y;(WTX; +b)=>1—¢;, & =0,i=1,...,n
The constant C > 0 sets the relative importance of maximizing the margin and

minimizing the amount of slack. This formulation is called the soft-margin SVM, and

was introduced by Cortes and Vapnik [12]. In the following, the common basic kernel

functions:
Linear kernel: K(Xi,Xj) = xiTX]- (2-32)
Polynomial: K(Xi,Xj) = (yx{rx]- +r)d (2-33)
Radial basis function (RBF):  K(x;,%;) = exp (—v||x; — x;]|); y> 0 (2-34)
Sigmoid function: K(x;, x]-) = tanh(yx{ Xj + r) (2-35)

where v, r and d are kernel parameters.
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Chapter 3
Automatic Segmentation of Multiple

Sclerosis Lesions in Brain MR Images

This chapter provides a survey on the area of segmentation of multiple sclerosis in the
Brain MR images. The segmentation techniques, while their approaches vary widely in
the literature, their frameworks composed of similar components which are addressed

differently in each framework.

The segmentation framework of the multiple sclerosis lesions can be decomposed
into set of components as listed in table 1. Each component is labeled (with labels Cy) to
help place certain topics in the context of a segmentation framework and to refer easily.
MR images are available in different sequences including T1, T2, PD, and FLAIR...etc.
One or combination of MRI sequences is selected by any of the segmentation technique
to be an input. MRI Sequence selection (C)) is the entry component. Preprocessing (C,) is
usually applied on the MR images either to enhance the quality of the images or to
provide features to be used in the segmentation processing. In Feature Extraction (Cs),
each technique extracts image features from the feature space to represent the voxels of
the image. Pattern recognition algorithm (Cy) is the core of the segmentation processing.
Post-Processing steps (Cs) usually are applied on the results to improve the performance
of the segmentation. Performance Evaluation (Cs) is performed to evaluate the accuracy
of each of segmentation techniques using different metrics. The segmentation framework

(Cy) 1s the main component that specifies the design of the segmentation process, breaks
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down the process into smaller components, manages the flow of their outputs and

integrates them to get segmentation results.

Label | Component Description

C MRI Sequence Selection Choice of MRI modality of the subject brain:
Either Single Channel or Multi-Channels and Selection of
which channels to use.

) Pre-Processing Image Processing Steps applied on the subject MRI to
enhance the image quality, remove the effect of MRI
acquisition noise and aid in feature extraction.

Cs Feature Extraction Image Features are extracted to represent the Image Voxels.
Cy Pattern Recognition Classification of the Voxels into Healthy or MS Lesions
Algorithm Voxels.

Cs Post-Processing Image Processing and additional Pattern Recognition Steps
applied on the segmentation result to Improve the
performance.

Cs Performance Evaluation Metrics used to evaluate performance of the segmentation.

C; Segmentation Pipeline Integrating the components of the segmentation framework to

achieve the segmentation task.

Table 1 — Components of Multiple Sclerosis Lesions Segmentation Framework

In the following sections, a categorization for the segmentation frameworks is
presented followed by discussion for each of the frameworks’ components with the

related work in literature is reviewed.

3.1 Segmentation Framework

The segmentation framework refers to the concept behind the approach used to perform
the MS segmentation. According to the segmentation framework, the problem is defined
and the needed components (C; to Ce) are implemented. These components are integrated
in a pipeline (C;) that would be the software design of the segmentation framework. The
segmentation frameworks in literature can be categorized into two main categories. In the
first category, the problem is defined as pattern classification problem. The second

category, the problem is modeled by imitating the expert knowledge in labeling the MS

www.manaraa.com



27

lesion either implicitly or explicitly. Such a categorization is not always straightforward
since some techniques resort to more than one strategy to achieve segmentation and thus

cannot be sharply categorized.

3.1.1 Pattern Classification based Framework

It is also referred to by feature space clustering. In this framework, the MS lesions
segmentation problem is defined as a classification problem. A pattern classification
technique from literature is selected or modified. Some frameworks propose a novel one.
The pattern classification technique is used to learn the features of the MS lesion voxels
and normal voxels in binary classifications or to learn the different brain tissues and

including the MS lesion as a tissue in multi-classes classifications.

The work proposed by Geremia et al. [13] and Akselrod-Ballin et al. [14], the
decision forests are used to perform the classification. In [15], [16], and [17], a model is
proposed and upgraded sequentially that involves using spectral gradient and graph cuts
in binary classification of the brain voxels into MS lesion or background normal brain
tissues. Expectation maximization (EM) is used by [18] and [19]. K-Nearest Neighbors
(KNN) is used by Anbeek et al. [20], Wu et al. [21] and Cardenes et al. [22]. Support
Vector Machines (SVM) is used by Ferrari et al. [23]. Principle component analysis

(PCA) is used by Kroon et al. [24].

Model outlier detection can be included in this category of segmentation
framework where the brain tissues are modeled and the MS lesions are detected as

outliers to the model. It is used by Leemput et al. [25] and [26]. In [27] and [28], Brqiue
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et al. uses Hidden Markov Chains (HMC) to perform tissues classification and detect the

MS lesions as outlier outliers to the model.

In spite of providing segmentation with acceptable performance, these

frameworks lack tackling and understanding the MS lesion as an object.

3.1.2 Contextual model based Framework

This framework includes the techniques that model the expert knowledge in MS
delineation and tries to get maximum benefit from the MS lesion context information. In
this framework, the MS lesions segmentation problem is modeled based on object and
scene understanding. In object and scene understanding, it has been increasingly realized
that context information plays a vital role [29]. Medical images contain complex patterns
including features such as textures (homogeneous, inhomogeneous, and structured) which
are also influenced by acquisition protocols. The concept of context covers intra-object
consistency (different parts of the same structure) and inter-object configurations (e.g.,

expected symmetry of left and right hemisphere structures).

In [30], Moora et al. integrated appearance and context information in a seamless
way by automatically incorporating a large number of features through iterative

procedures.

Scully et al. [31] constructed an explicit model of the feature vector intensities
that identify lesion tissue. This model is the joint histogram calculated over the vector
image constructed by co-registered T1, T2, and FLAIR slices, then creating an image
where each voxel contains a vector representing the T1 intensity, the T2 intensity, the

FLAIR intensity, and the tissue class for that voxel’s location. The joint histogram then
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represents the number of times a given feature vector was labeled lesion, along with the
number of times that vector was not labeled lesion and the 4D joint histogram was
calculated. An initial predicted lesion label map was constructed for each test subject by
setting the voxel value equal to the frequency of that voxel location’s feature vector in the
4D joint histogram model. These values were then thresholded in order to reduce the
amount of false positives while keeping the number of false negatives low. The threshold
value was selected empirically and could likely be improved through the application of a
more rigorous experimental process. In order to obtain rough tissue segmentation,
KMeans, with initial class means, was performed on the Tlimage for each subject. This
label map was combined with the thresholded lesion mask to create a label map with
different integer values for Grey, White, CSF, and Lesion tissue. The generated label map
was then filtered so that lesion tissue that was within 2 voxels of CSF tissue was
discarded. The label map was then used to pull 200 exemplar points to train a naive
Bayesian classifier which then proceeded to classify the vector image composed of the
T1, T2, and FLAIR images. Each independent connected component in the lesion map
produced by the Bayesian classifier was then filtered based on a minimum lesion size
provided by a local MS expert. Each lesion component had to have a least one dimension
with three voxels with the other two dimensions being at least two voxels. While lesions
may occur below this size they are generally not labeled by human experts due to high

error rates.

Zhuge et al. [32] utilized absolute fuzzy connectedness and certain morphological
operations to generate the brain intracranial mask. The optimum thresholding method was

applied to the product image (the image in which voxel values represent T2 valuexPD
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value) to automatically recognize potential MS lesion sites. Then, the recently developed
technique, vectorial scale-based relative fuzzy connectedness, was utilized to segment all

voxels within the brain intracranial mask into WM, GM, CSF, and MS lesion regions.

Zhu et al. [33] applied knowledge guided information fusion. In this work, T1, T2,
and PD images of, providing information on the properties of tissues from different
aspects, were treated as three independent information sources for the detection and
segmentation of MS lesions. Based on information fusion theory, a knowledge guided
information fusion framework is proposed to accomplish 3-D segmentation of MS lesions.
This framework consists of three parts: information extraction, information fusion, and
decision. Information provided by different spectral images was extracted and modeled
separately in each spectrum using fuzzy sets, aiming at managing the uncertainty and
ambiguity in the images due to noise and partial volume effect. In the second part, the
possible fuzzy map of MS lesions in each spectral image was constructed from the
extracted information under the guidance of experts’ knowledge, and then the final fuzzy
map of MS lesions was constructed through the fusion of the fuzzy maps obtained from
different spectrum. Finally, 3-D segmentation of MS lesions was derived from the final

fuzzy map.

Ghazel et al. [34] proposed a semi-automated MS lesion detection and
segmentation method based on optimal filter design for maximal feature selection and
separation utilizing expert knowledge. The method is based on designing an optimized
filter that aims for separating the texture features and energies of the two main classes
assumed to be within the prescribed region of interests (ROI’s), namely the MS lesions

and the normal white matter. This has resulted in a system output where the MS lesions
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have been transformed to brighter areas with increased intensity, while the background
(healthy white matter tissues) has been transformed to a darker area. Consequently, the
MS lesions and the healthy tissues become more distinguishable at the output of the
system than they were originally. They may even be separated from one another by

applying a thresholding operation.

Yamamoto et al. [6] proposed a false positive reduction scheme, which consisted
of a rule-based method, a level set method, and a support vector machine. Identification
of initial MS candidate regions is done by using an automated thresholding technique
based on a linear discriminate analysis on the pixel-value histogram in the T1-weighted
image. Next, a brain region was extracted by thresholding the pixel value for removing
fat regions with high pixel values around the brain. In addition, a morphological opening
operation with a circular structuring element of one pixel radius was also applied after
thresholding. MS lesions were enhanced by subtraction of a background image
approximated by the first order polynomial in a brain region from the FLAIR image.
Then, an unsharp masking filter was applied to the subtraction image for enhancement of
boundaries of MS lesions. The MS lesions were well enhanced in the subtraction image
compared with the original FLAIR image. The initial candidates were identified by using
a multiple-gray level thresholding technique on the subtraction image. MS initial
candidate points were picked up according to the following three criteria: (1) Longest and
shortest Euclidean distances between the centroids of a brain and each candidate region,
because MS lesions would be developed within a certain distance from the centroid of the
brain, (2) Minimum pixel value of MS candidates, because MS lesions have relatively

higher pixel values compared with normal tissues in a brain parenchyma in the
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subtraction image and (3) Minimum distance between candidate points so that one point
with a higher pixel value can be selected as a final candidate point. MS candidate regions
were segmented by using a region growing technique. Image features of MS candidate
regions are determined. Next, false positive outliers were reduced using a rule-based
method. In the rules of the contrast and the maximum pixel value, false positive outliers
were removed by the minimum and maximum threshold of the feature values of all true
positive regions. However, a different rule was employed for the distance feature value.
Further reduction of false positives and determination of MS candidate regions is done
based on a level set method. Finally, classification of MS candidate regions is done using
a support vector machine (SVM). All candidate regions were classified into true positive

and false positive candidate regions by using the SVM.

Freifeld et al. [35] proposed a probabilistic model termed Constrained Gaussian
Mixture Model (CGMM) to capture the complex tissue spatial layout based on a mixture
of multiple spatially oriented Gaussians per tissue. The intensity of a tissue is considered
a global parameter and is constrained, by a parameter-tying scheme, to be the same value
for the entire set of Gaussians that are related to the same tissue. MS lesions are identified
as outlier Gaussian components and are grouped to form a new class in addition to the
healthy tissue classes. A probability-based curve evolution technique is used to refine the

delineation of lesion boundaries.

This category of segmentation frameworks is promising but lacks the
incorporation of enough knowledge about the MS lesions to create robust model. More

efforts are still needed to present mature techniques.
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3.2 MRI Sequence Selection

In the acquisition of the MR images for the patient, many MRI sequences can be
generated. Each of the MRI sequence provides information about the MS lesion at
specific stage. Acute or enhanced lesions can be visualized on Gad-E-T1-w images,
chronic lesions in T1-w images, and other lesions specified on FLAIR and T2-w images
[36], [21]. Because of more inflammation, edema, and little demyelination, acute plaques
appear with less signal changes in T1-w images. Consequently, these plaques, in T1-w
images, compared with white matter, will be signal isointense or hypointense (less
darkness). In addition, their borders are vague and cannot be marginated well. With
progress in demyelination process and also chronicity of the disease, the plaques
gradually become darker in T1-w images. More demyelination and gliosis (replacement
of fibrous tissue instead of myelin and neuron) lead to sharpness of the lesions borders.
This process results in the formation of some chronic plaques known as black holes.
These plaques will appear as hyperintense areas in T2-w images and their signal intensity

will not change in enhanced T1-w images [37].

According to the channels used, the techniques can be classified into single

channel and multi-channels MS lesion segmentation techniques.

3.2.1 Single Channel

FLAIR image contains the most distinctive information for segmentation of white matter
lesions. Since MS lesion tissue has comparable characteristics as white matter lesion,
with respect to location and signal intensity, wide category of techniques chose to use

only the FLAIR image in the MS segmentation process.
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According to [20], Anbeek et al. use only the FLAIR image. The addition of other
image types (T1, T2, FLAIR, proton density and T1-weighted inversion recovery) wasn’t
significantly beneficial for the segmentation, and sometimes had negative effect on the
results. Although they use T1 image for creation of the brain mask, only the FLAIR
image was involved in the classification stage. Also, Khayati et al. [36] used the FLAIR

channel in his proposed work.

3.2.2 Multi Channels

Taking advantage of the various protocols that acquire images using multiple modalities
is a current issue (typically T1, T2, PD, DTI or Flair sequences in MR neuroimaging).
The data are becoming more and more multi-channel data and their unique and
complementary information should be merged together before segmentation in order to
get rid of the inconsistencies one can encounter when segmenting each modality
separately. Today, reliable registration methods, using different resolution and time, are
available; nevertheless, a simple, robust, fast and reliable segmentation approach still
does not exist for such kind of problem especially when dealing with pathologies.

Multichannel segmentation usually relies on clustering or classification.

In [17], three gray-level MRIs are merged into a single MRI to form a colored
image to be processed by a colored edge detector. In [13] and [6], T1, T2, and FLAIR
intensities are used in the feature vector separately. Zhu et al. [33], T1, T2, and PD
images were treated as three independent information sources for the detection and

segmentation of MS lesions and data fusion was applied.
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3.3 Preprocessing steps

Image Processing Steps applied on the subject MRI to enhance the image quality, remove

the effect of MRI acquisition noise and aid in feature extraction.

Studies have shown the usefulness of applying inhomogeneity correction
exclusively to the IC portion of MR images [38], [39]. In [21], Wu et al include
preprocessing unit for intra- and inter-scan intensity inhomogeneities and normalizes the

observed scan intensities.

In [13], the inter-subject intensity variations were normalized. RF acquisition field
inhomogeneities are corrected. Spatial prior is added by registering the MNI atlas to the
anatomical images, each voxel of the atlas providing the probability of belonging to the
white matter (WM), the grey matter (GM) and the cerebro-spinal fluid (CSF). These

priors can be used as part of the feature vector.

In [20], a brain mask was created, indication the region of interest for the
segmentation. This reduces the amount of voxels being processed, thus saving computer
time and memory. The mask was created by applying the brain extraction tool [40] on the
T1 image with a relatively high value for the fractional threshold. This procedure resulted
in a narrow brain mask, consisting of brain tissue only. This narrow mask was observed

empirically to perform well with the segmentation method.

In [21], Wu et al. proposed a procedure for intracranial cavity IC) extraction. This
IC extraction procedure combined non-parametric intensity-based statistical (Parzen
window) segmentation and automated morphological operations. After the human-

supervised Parzen window tissue sampling was calibrated one time on two test scans, the
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Parzen window classifier was saved for automated segmentation of ICs on the remaining
scans. Occasionally, minimal operator manual editing was conducted on the resulting IC
masks. The IC masks were superimposed onto images to exclude extracranial tissues,

skull and large vessels on the brain surface.

3.4 Features Extraction

Independent on the segmentation technique, the brain MRI voxels are represented by set
of features. Good features are those which are most discriminative between the normal
brain tissues and multiple sclerosis lesions. The features commonly used in the literature
techniques may be categorized into intensity, spatial, neighborhood, shape, texture, atlas
based priors and context defined features. Most of the techniques are using combination

of features from the different categories.

Segmentation frameworks do feature selection either by using analysis or by
using software tools. Software tools are used for features selection by defining pool of
potentially informative features to draw from and analysis is done to select the most

discriminative features [30].

3.4.1 Features Generated without Image Processing

These are the features generated by picking first order information from the input dataset

without using any algorithms for feature extraction.

Intensity Features

This category of features is the basic features used by almost all of the techniques. The
grayscale intensity for each voxel in the used MRI sequence can be used as a feature

representing the voxel [20]. In case of using multi-channels, the grayscale intensity of the
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voxel in each sequence can be used a part of the feature vector assuming that all channels

are registered to a reference channel [13].

One of the problems of using intensity as a feature is the noise in MR images. To
overcome the problem, other than the intensity correction techniques discussed in the
previous section, the intensity can be averaged over a neighborhood (i.e. a cube) around

the each voxel [13].

Spatial Features

Spatial features are commonly used to benefit from the common locations of multiple
sclerosis lesions in the brain. The simplest features used in the feature vector are the three
Cartesian coordinates [20], [24]. To use such features, registration should be done among
the different dataset used in training and segmentation. Also, distance to the approximate

center of the brain is used as a spatial feature [24].

Using spatial features adds inaccuracy to the segmentation due to the differences
in size and location between the patients. This problem was avoided in [20] by
normalizing the spatial features using variance scaling. In variance scaling, each spatial
feature, feature, the mean of the feature values was subtracted from the voxel value, and
the outcome was divided by the standard deviation. This approach resulted in a mean of 0
and variance of 1 for all features. This implicitly corrects for differences in size and

location between the patients.
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Neighborhood Features

This category of features is used to represent the local intensity pattern of the voxel of
interest. Voxel intensity along with the surrounding voxels intensities is used.
Neighborhood size varies according to the number of surrounding voxels involved in the

neighborhood and whether the current slice or the neighboring slices are considered.

Shape Features

Curvature is used with different neighborhood size in [30]. In [6], initial candidate
regions are initially selected. Processing is done later to classify these regions. A feature
vector is calculated for each regios that includes five shape features. The five shape
features were: the effective diameter, the circularity, the slenderness, periphery length

and the Euclidean distance between a candidate and the centroid of a brain.

3.4.2 Features Generated with Image Processing

Several features derived directly or indirectly from the analysis of the wvisual
characteristics of multiple sclerosis lesions in the MRI were introduced to provide better

discrimination.

Atlas based Priors Features

When a standard atlas is registered to the anatomical images, spatial priors can be
extracted and added to the feature vector. T1 sequence can be registered to the MNI atlas
to get tissues probability priors [13] and [30]. These tissue probability priors are the
probability given for each voxel of the atlas of belonging to the white matter, the grey

matter and the cerebo-spinal fluid (CSF).
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Spectral Gradient Features

In [17], based on the psycho-visual color theory, a scale-space approach was proposed to
build a color-edge detector. This color edge detector is applied to MRI by merging three

gray-level MRIs into a single MRI.

Context-rich features

This group of features was proposed by Geremia et al. [13] to use the similarity nature of
the brain which is obvious in the axial view of the MRI. Context-rich features compare
the voxel of interest with distance regions. As shown in Figure 3-1, the first context rich
feature looks for relevant 3D boxes R1 and R2 to compare within an extended
neighborhood. The regions R1 and R2 are sampled randomly in a large neighborhood of
the voxel v. The sum over these regions is efficiently computed using integral volume
processing. The second context rich feature compares the voxel of interest at x with its
symmetric counterpart with respect to the mid-sagittal plane, noted S(x) Instead of
comparing with the exact symmetric S(x) of the voxel, its 6, 26, and 32 neighbors in a

sphere, centered on S(x) are considered respectively.

Texture Features

Textural analysis refers to a set of processes applied to characterize special variation
patterns of voxels grayscale in an image. Segmentation based on texture properties is
promising in cases of lesions that are inhomogeneous, not sharp, and faint, but show an
intensity pattern that is different from the adjacent healthy tissue. In [41], Subanna et al.
presented an automatic tissue classification scheme based on Markov Random Fields

(MRF) that probabilistically models the local spatial relationships between voxels and
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their neighbors. Their approach explicitly built distributions for lesions as separate tissue
classes, as opposed to considering them as outliers. They adapted simulated annealing
techniques to obtain the required MRF parameters. Standard texture features (provided in
Chapter 2) were used by Zhang et al. [42]. In (Ghazel-2006), a feature extraction method
based on optimal filter design is proposed that aims for producing output texture features
corresponding to the MS lesions and healthy tissues background which are maximally
separable. The good results for MS texture classification obtained by Zhang et al.

motivated us to use the same features in the proposed work in our dissertation.

Figure 3-1: Context-rich features proposed by Geremia et al., 2010.

(a) A context-rich feature depicting two regions Rland R2 with constant offset relatively to x. (b-d) Three
examples of randomly sampled features in an extended neighborhood. (¢) The symmetric feature with respect to
the mid-sagittal plane. (f) The hard symmetric constraint. (g-i) The soft symmetry feature considering
neighboring voxels in a sphere of increasing radius. See text for details.

3.5 Pattern Recognition Algorithm

The core of the segmentation framework is the pattern recognition algorithm. For the MS
Segmentation framework, any of the pattern recognition algorithms is adapted to fit the

binary classification of the voxels into two classes: voxel which is part of MS lesion and
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non-MS voxel. The pattern recognition technique is used to perform training with the
training data sets’ voxels labeled by the experts to get a discriminative model. The pattern
recognition algorithm is again used by the model to perform the binary classification of
the testing data sets’ voxels. Based on the pattern recognition algorithm, the techniques in

the literature can be classified into categories discussed in the following subsections.

3.5.1 K-Nearest Neighbor (KNN)

K-Nearest Neighbor classification [43], [44] is a statistical pattern recognition method,
assigning samples (e.g. image voxels) to a class (e.g. MS-lesion) by searching for
samples in a learning set with similar values in a predefined feature space. In this space
each axis represents one of the voxel features. The learning set consists of pre-classified
samples, which are added to the feature space according to their feature values. A new
image voxel is classified by comparison with the K learning samples that are closest in
terms of Euclidian distance (or any other defined feature distance) to it in the feature
space. Commonly, the most frequent class among the K learning samples is assigned to
this voxel. The choice of variable K in is dependent on the relation between the number
of features and the number of cases. A small K will cause the result being influenced by
individual cases, while a large value of K makes the classification outcome smoother. In
general, for this type of problems a large K is favorable [45], [46]. The KNN is effective
for multichannel MR data and particularly suitable for this three-channel segmentation.
Previous studies also show that post-probability k-NN segmentation is more accurate and

stable than segmentation approaches based on a priori statistical assumptions [47], [48].
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In [20], Anbeek et al. used this technique for classification without assigning one
class to the voxel, but with assigning probability per voxel being part of a lesion by
taking the K learning samples into account. To get binary classification, threshold is
applied on the probability of each voxel. They chose K = 40 by performing experiments
on the training set with different K-values. The decision for this choice was made by
visual inspection of the images in the training set. A larger K did not improve the results

appreciably, but had a negative effect on the computational efficiency.

In [21], Wu et al. used KNN segmentation for the initial image intensity-based
statistical classification of pre-processed three-channel image data into tissue classes.
Seven classes are involved in the classification: T1 hyperintense enhancing lesions, T1
hypointense, cerebrospinal fluid (CSF)-like “black holes™, T1 isointense but T2WI and
PDWI hyperintense lesions ‘‘other T2 lesions’’, normal appearing white matter
(NAWM), gray matter; CSF and background. K value was interactively selected by an
expert neuroradiologist to maximize the classification accuracy on the basis of
classification results. After the expert was satisfied with the classification on the two
calibration scans, the classifier was saved as a master classifier. A k value of 3 was

estimated.

3.5.2 Decision Forests

Discriminative random decision forest is an ensemble learner using decision trees as base
learners. Decision trees are discriminative classifiers which are known to suffer from
over-fitting. A random decision forest [49] achieves better generalization by growing an
ensemble of many independent decision trees on a random subset of the training data and

by randomizing the features made available to each node during training [7].
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In [13], Geremia et al. used this technique within their segmentation framework.
Training according to their implementation assumes that the forest has T components
with t indexing each tree. The training data consists of a set of labeled voxels. When
asked to classify a new image, the classifier aims to assign every voxel in the volume a
label: 1 for MS lesion and 0 for non-MS. During training, all observations are pushed
through each of the trees. Each internal node applies a binary test according based on
visual features function. To perform the prediction, when applied to a new test data, each
voxel is propagated through all the trees by successive application of the relevant binary
tests. When reaching the leaf node in all trees, posteriors are gathered in order to compute
the final posterior probability. This probability may be thresholded at a fixed value if a

binary segmentation is required.

In [14], Akselrod-Ballin uses segmentation to obtain a hierarchical decomposition
of a multichannel, anisotropic MR scans. It then produces a rich set of features describing
the segments in terms of intensity, shape, location, neighborhood relations, and
anatomical context. These features are then fed into a decision forest classifier, trained
with data labeled by experts, enabling the detection of lesions at all scales. Unlike
common approaches that use voxel-by-voxel analysis, this system can utilize regional

properties that are often important for characterizing abnormal brain structures.

3.5.3 Principal Components Analysis

Principal component analysis (PCA) is a mathematical procedure that uses an orthogonal
transformation to convert a set of observations of possibly correlated variables into a set
of values of uncorrelated variables called principal components. This transformation is

defined in such a way that the first principal component has as high a variance as possible
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and each succeeding component in turn has the highest variance possible under the
constraint that it be orthogonal to the preceding components. Principal components are
guaranteed to be independent only if the data set is jointly normally distributed. It is

mostly used as a tool in exploratory data analysis and for making predictive models.

In [24], Kroon et al. used PCS with log-liklihood to classify each voxel based on
feature vector method that contains neighbourhood voxel intensities, histogram and MS

probability atlas information.

3.5.4 Graph Cut

In the Graph Cuts framework, the image is represented by a weighted graph where each
image voxel is represented by a node and each edge links the voxel to each of its
neighboring voxels. The binary graph cut associates each node to one of two special
nodes, called the “source” node and the “sink” node. These two nodes (the terminal

nodes) represent the labels (i.e. “object” or “background”).

In [17], Leceour et al. build a color MRI from three grey-level MRI sequences by
assigning each red, green or blue channel to a sequence. The spectral gradient is
computed and used it in a graph cut framework which requires seeds as input to obtain
the segmented structures (e.g. brain, MS lesions). The object (O) and background (B)
seeds are placed by the user at the beginning of the process are used to compute spectral

intensity distribution models.

They improved this in [15] and [50] where seed source and sinks were automated

using expectation minimization.
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3.5.5 Support Vector Machine (SVM)

Support Vector Machines are supervised machine learning techniques, recently
developed in the framework of statistical learning theory [51]. They have been used with
a great success in a variety of applications such as text categorization, face recognition,
and bioinformatics. In many of these areas SVM have outperformed well-established
methods such as artificial neural networks, radial basis functions, and non-parametric
cluster classification [52]. The great advantage of the SVM technique over conventional
techniques, besides the well-established theoretical definition, is its capacity of working
with high dimensional feature vectors without losing the generalization performance [12].

This property makes SVMs very suitable for segmentation of multispectral MR images.

In [23], Ferrari et al. used SVM with radial basis function (RBF) kernel. The
kernel parameter (y) and the penalty value for the errors (C) were determined by using a

very loose stopping criterion for the SVM decomposition.

Yamamoto et al. [6] used a support vector machine (SVM) to classify MS
candidate regions. All candidate regions were classified into true positive and false

positive candidate regions by using the SVM.

3.5.6 Expectation Maximization

The expectation maximization (EM) algorithm is an iterative method for finding
maximum likelihood or maximum a posteriori (MAP) estimates of parameters in
statistical models, where the model depends on unobserved latent variables. The EM
iteration alternates between performing an expectation (E) step, which computes the

expectation of the log-likelihood evaluated using the current estimate for the parameters,
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and maximization (M) step, which computes parameters maximizing the expected log-
likelihood found on the E step. These parameter-estimates are then used to determine the

distribution of the latent variables in the next E step.

According to the work of Pernod et al. [18], the expectation-maximization
algorithm consists of two steps: labelization of the image (Expectation step) and
estimation of the Gaussian class parameters (Maximization step). In this last step, the
class parameters are computed from the intensities of the different voxels. In order to
improve the algorithm speed, only a part of the image voxel can be taken into

consideration thanks to a ratio parameter.

3.5.7 Outlier Detection

An outlier is an observation which deviates so much from the other observations as to

arouse suspicions that it was generated by a different mechanism [53].

In [25], Leemput et al. performs intensity-based tissue classification using a
stochastic model for normal brain images and simultaneously detects MS lesions as
outliers that are not well explained by the model. This approach circumvents explicit
lesion modeling, which is difficult because of their widely varying appearance in MR
images, and because not every individual scan contains a sufficient number of lesions for
estimating the model parameters. The core of this method is a clustering algorithm that is
made robust against model outliers. From an algorithmic point of view, this method bears
close resemblance to an adaptation of the EM classifier described by Schroeter et al.[54],
who iteratively classified normal brainMR images into a small number of Gaussian

distributions, each time rejecting voxels that exceed a predefined Mahalanobis distance to
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each of the Gaussians, and updating the model parameters only based on non rejected
voxels. In contrast this method that either accepts or rejects voxels, the method proposed
by Leemput et al. [25] uses a soft rejection scheme and also takes the classification of the

voxels and their neighbors into account

In [26], Prastawa et al. combines outlier detection and region partitioning. This
method is based on an atlas of healthy subjects and detects lesions as outliers, without
requiring the use of training data with segmented lesions. In order to segment lesions as
spatially coherent objects and avoid spurious lesion detection, they perform classification
on regions (connected groups of voxels) instead of individual voxels. Each voxel location
is assigned to a region that would maximize overall relative entropy divergence between

neighboring regions.

In [27], [28] Bricq et al. proposes a method that performs tissue classification
using a Hidden Markov Chain (HMC) model and detects MS lesions as outliers to the
model. For this aim, they used the Trimmed Likelihood Estimator (TLE) to extract
outliers. Furthermore, neighborhood information is included using the HMC model a

priori information brought by a probabilistic atlas is incorporated.

3.6 Post processing steps

Image Processing and additional Pattern Recognition Steps applied on the segmentation

result to improve the performance.

False Positive reduction is a common post processing step. Due to similarity

between MS lesions and the white matter tissue, it is common to have huge number of
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false positives. To improve the segmentation results, many of the techniques add a rule

based stage to reduce the false positives.

In [19], Gracia-Lorenzo et al. applied lesion rules to discriminate between the
white matter lesions and false positives. The rules were defined with neurologists and
neuroradiologists based on image intensities from the respective MR sequences and voxel
connectivity. Different intensity rules can be implemented for the different types of MS
lesions: black holes, Gadolinium-enhanced lesions and T2-w lesions. Their focus was on
the T2-w lesions that are, compared to the normal appearing WM, hyperintense in T2-w
and FLAIR, and isointense or hypointense (e.g.black holes) in T1-w. Hyperintense and
hypointense voxels are defined by 3.0xoy,p £lww, Where oy and p are the standard
deviation and the mean of the white matter respectively. Voxel connectivity allows the
use of neighboring rules instead of classifying each voxel independently. In this case, a
minimal size of MS lesion is defined, so detected lesions that have a size smaller than 3
mm’® were discarded. They also removed detected lesions that are contiguous to brain

border or not contiguous to WM tissue.

In [55], a post-processing step is performed since many false positives occur due
to artifacts in the external CSF, all lesions detected neighboring the brain border are

removed from the segmentation.

In [27], to remove voxels which are not MS lesions that are detected outside MS
lesions, especially in the CSF class, voxels for which the prior probability of CSF given
by the atlas is higher than 0.5 were removed and lesions with a small volume (3mm°)

were excluded.
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In [35], the segmentation approach usually results in an overestimation in the size
of the lesions. This is most likely due to the fact that the area in the proximity of a lesion
is somewhat different from the other tissues. In addition, the segmentation step model is
done voxel wise and does not take into account the smoothness of the lesion boundaries.
Hence, a post-processing step for refining the lesion boundary is needed. Active contour

technique is proposed and applied as a post processing step for lesion delineation.

Lesion boundary refinement is also addressed in the post processing approaches.
In [21], refining ‘‘black holes’ segmentation ‘‘Black holes’’ identified by the main
segmentation technique do not include areas of the white matter that are hypointense with
respect to healthy white matter but isointense with respect to grey matter. Therefore, in
the post processing step the classification of ‘‘black holes’’ is refined to include subtly
hypointense signal. A more sensitive k-NN classifier is obtained by adding training
points from mildly T1-hypointense WM regions and is selectively applied to lesion
classes. One master classifier for this second segmentation step was generated and stored

for k-NN segmentation of all the subjects.

3.7 Performance evaluation

To evaluate the segmentation techniques, comparison should be performed between the
automatic segmentation (Seg) generated by the proposed approached and the manual
segmentation provided by the expert neuroradiologist (Ref) as shown in Figure 3-2.

Performance evaluation formulas are incorporated in the segmentation frameworks.
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Figure 3-2: Comparison between the automatic segmentation (Seg) and the manual segmentation (Ref)

The voxels that are marked as MS in both Seg and Ref are the true positives (TP),
voxels appears only in Seg are false positives (FP), voxels appears only in Ref are false
negatives (FN) and voxels that are marked as non-MS in both sets are true negatives
(TN). Based on these parameters, number of metrics is used in the literature to evaluate
the segmentation performance. Dice similarity (Similarity Index), Tanimoto Overlap and

Sensitivity are common metrics.

3.8 MS Lesions Segmentation Pipeline

The segmentation pipeline is method of integrating the components of the segmentation
framework to achieve the segmentation task. Pipelines used in MS lesion segmentation
techniques can be classified to single processing core, preprocessing-processing,

processing-post processing, pre processing-processing-post processing and special

pipelines.
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3.8.1 One stage: Processing Core Pipelines
In this category of pipelines, the segmentation framework is composed mainly of a
segmentation core that performs the segmentation without either improvement to the
input quality or improvement to the output segmentation. Examples to segmentation

pipelines in this category are those proposed by [28],[30] and [36]

3.8.2 Two stages: Pre processing and Processing Pipelines

In this category of pipelines, the segmentation framework is composed of a segmentation
core that performs the segmentation proceeded by a preprocessing module that mainly
provides improvement to the input quality. An example to segmentation pipelines in this

category are those proposed by [13].

3.8.3 Two stages: Processing and Post processing Pipelines

In this category of pipelines, the segmentation framework is composed mainly of a
segmentation core that performs the segmentation followed by a post processing module
that mainly improves the quality of the output segmentation. The segmentation pipeline

proposed by [35] is an example to a pipeline classified in this category.

3.8.4 Three stages: Pre processing, Processing, and Post processing Pipelines

In this category of pipelines, the segmentation framework is composed mainly of a
segmentation core that performs the segmentation proceeded by a preprocessing module
that mainly provides improvement to the input quality and followed by a post processing
module that mainly improves the quality of the output segmentation. The segmentation

pipelines proposed by [56] and [20] are classified in this category.
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3.8.5 Special Pipelines
In this category of pipelines, the components and their integration are custom to the

concept of the technique. Samples of these pipelines are discussed in this subsection.

In [21], the pipeline shown in Figure 3-3 is proposed for the automated three-
channel segmentation. Dashed boxes indicate procedures performed only once and then
used for all the subjects. Abbreviations used in the pipeline are: 3ch-MRI = three-channel
MRI consisted of proton density-weighted image, T2-weighted image and post-contrast
T1-weighted image; IC = intracranial cavity mask extraction; TDS. = template-driven

segmentation plus partial volume artifact correction.
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Figure 3-3: Customized pipeline proposed by Wu et al., 2006.
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In [17], the following framework have been designed as follow: from three grey-
level MRI sequences, a color MRI was built by assigning each red, green or blue channel
to a sequence. Then the spectral gradient was computed and used in a graph cut
framework which requires seeds as input. In the end of this framework, the segmented

structures (e.g. brain, MS lesions) are generated. Figure 3-4 summarizes this pipeline.

Grey-level _
MR Source & Sink
Grey-level Color Spectral Graph | Segmented
MRI MRI Gradient Cut Structures
Grey-level /
MR

Figure 3-4: Customized pipeline proposed by Leceour et al., 2008.

3.9 Limitations and Open Areas

Each of the segmentation frameworks discussed in this chapter contributes to the problem
of automatic segmentation of multiple sclerosis lesions in MRI in one of the following

situations only:

1. In Preprocessing step: improving the properties of the MRI.

2. In Feature Extraction: extracting features that try to separate the MS voxels from
non-MS voxels.

3. In Pattern Recognition: customizing a well known machine learning technique.

4. In Post-processing steps: rejection of false positives.
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Most of the segmentation framework in literature deals with the MR images as stream
of data, and the aim is to classify these data without deep study of the nature of the
appearance of MS lesions in the different modalities of MRI and giving attention to
common location and intensity behavior in the neighborhood of brain structures. More
efforts are needed to provide a contextual based framework that tackles the MS lesion

segmentation explicitly.

The following study is used as a base for our technique. In [42], Zhang et al.
presented a comparative study that targets texture analysis of multiple sclerosis. Texture
analysis was performed on MR images of MS patients and normal controls and a
combined set of texture features were explored in order to better discriminate tissues
between MS lesions, normal appearing white matter (NAWM), and normal white matter
(NWM) in region of interests (ROIs). Features were extracted from gradient matrix, run-
length (RL) matrix, gray level co-occurrence matrix (GLCM), autoregressive (AR)
model, and wavelet analysis, and were selected based on greatest difference between
different tissue types. The results of the combined set of texture features were compared
with our previous results of GLCM-based features alone. The results of this study

demonstrated that:

1. With the combined set of texture features, classification was perfect (100%) between
MS lesions and NAWM (or NWM), less successful (88.89%) among the three tissue
types and worst (58.33%) between NAWM and NWM.

2. Compared with GLCM-based features, the combined set of texture features were

better at discriminating MS lesions and NWM, equally good at discriminating MS

www.manaraa.com



55

lesions and NAWM and at all three tissue types, but less effective in classification

between NAWM and NWM.

This study suggested that texture analysis with the combined set of texture features
may be equally good or more advantageous than the commonly used GLCM-based
features alone in discriminating MS lesions and NWM/NAWM and in supporting early

diagnosis of MS.

They reported in future improvement the need to apply texture analysis with

automatic selection of the ROIs rather than drawing ROIs manually.

To the best of our knowledge, texture based MS segmentation approaches that have
been previously reported were applied to ROIs that are manually selected by an expert to
indicate potential regions including MS lesions, which makes the segmentation process
semi-automated. Therefore, efforts are needed to automate the use of textural features in

the detection of MS lesions.

Also, MR images are processed in most of the algorithm in the axial view, where the
other views sagittal and coronal can be used in assessment of the MS lesion obtained

from automatic segmentation in axial view.

Utilizing textural features without the need for manual labeling of ROIs, enabling
segmentation using multi-channels MRI data and taking into account the different
sectional views of the lesion volume are the pillars of the proposed technique that is

explained in detail in Chapter 4.

www.manaraa.com



Chapter 4
Textural based SVM for MS Lesion
Segmentation in MRIs

This chapter presents the approach developed in this dissertation to use the textural
features (C3) with a robust machine learning technique (C4) to achieve multiple sclerosis
(MS) lesions segmentation in the brain MR images. The approach is based on emulating
the expert in labeling the MS lesions. The core modules of the segmentation framework
are presented. Further progression in pipelines (C7) based on these modules is
subsequently presented with the motivation of enhancing the performance as well as

supporting different problems in datasets.

4.1 Texture Analysis Open Area

Textural analysis refers to a set of processes applied to characterize special variation
patterns of voxels grayscale in an image. Segmentation based on texture properties is
promising in cases of lesions that are inhomogeneous, not sharp, and faint but show an

intensity pattern that is different from the adjacent healthy tissue [S7].

Texture based MS segmentation approaches that have been previously reported
were applied to ROIs that are manually selected by an expert to indicate potential regions
including MS lesions, which makes the segmentation process semi-automated. Therefore,
efforts are needed to automate the use of textural features in the detection of MS lesions

(42].

56
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4.2 Performance Evaluation

To evaluate the performance of the automatic segmentation method, comparisons are
performed with state of the art methods. Different metrics (Cs) are used to evaluate the
performance for these literature techniques, therefore, according to the comparison
needed; difference metrics will be calculated in the later sections that shows the results of
the segmentation. Some of the performance evaluation metrics used in this dissertation
are calculated as defined in the literature. Others are introduced to evaluate clinical
valuable parameters. Besides, MS Lesion Challenge workshop [2] provides scores to

compare the competitive techniques.

4.2.1 Dice Similarity (DS):

The dice similarity (DS) is a measure of the similarity between the manual segmentation
(X) and the automatic segmentation (Y). The equation for the calculation can be written

as:

DS =2 |x nY|/(|X|*]r]) (4-1)

As stated in [S8] and [59], a DS score above 0.7 is generally considered as very good,
especially when the segmented structures are small. In our evaluation, dice similarity is
calculated based on the similarity of lesion regions which means that the number of
common MS lesion regions between manual and automatic segmentation is used for

|X nY|and the number of MS lesion regions of manual and automatic segmentation are
used for x| and |y| respectively. In this context, the automatically segmented lesion

region that shares at least one pixel with a manually segmented lesion region is
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considered as a common MS lesion region since the number of MS lesion regions is more

clinically relevant than the number of voxels [60], [61].

4.2.2 Sensitivity

Sensitivity is a measure of how many lesions are detected. It can be calculated as the
percentage of true positive voxels to the total number of MS voxels in the ground truth.
For the two sets manual segmentation (X) and automatic segmentation (Y), the sensitivity

1s calculated as:
Sensitivity = X N Y|/ x| (4-2)

4.2.3 Detected Lesion Load (DLL):

Detected lesion load is a measure of how much lesion volume is detected compared to the
original lesion volume. The detected lesion volume takes into account all the positive
lesions whether true or false. Having a percentage of detected lesion load close to 1.0 is
clinically satisfactory since it provides a relatively accurate measure of the MS lesions
volume. For the two sets manual segmentation (X) and automatic segmentation (Y), the

Detected Lesion Load is calculated as:

DLL = [/ |x] (4-3)

4.2.4 True positive rate (TPR) and Positive Predictive Value (PPV)

For the two sets manual segmentation (X) and automatic segmentation (Y), true positives

(TP), false positives (FP) and false negatives (FN) can be calculated as:
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TP = |X NY|
FP=1r - x| (4-4)
FN= X - Y|

The True positive rate (TPR) and Positive Predictive Value (PPV) are defined as:

TPR=TP / (TP + FN)

(4-4)
PPV=TP / (TP + FP)

4.2.5 MS Lesion Challenge Metrics and Score

The automated evaluation system used by the MS Lesion Challenge uses the volume
difference (Volume diff.), average distance (Avg. Dist.), true positive rate (True Pos.) and
false positive rate (False Pos.) to evaluate the segmentation. These metrics are defined in

[2] as follows:

Volume Difference, in percent: The total absolute volume difference of the

segmentation to the reference is divided by the total volume of the reference, in percent.

Average Distance, in millimeters: The border voxels of segmentation and reference are
determined. These are defined as those voxels in the object that have at least one
neighbor (of their 18 nearest neighbors) that does not belong to the object. For each voxel
along one border, the closest voxel along the other border is determined (using unsigned
Euclidean distance in real world distances, thus taking into account the different
resolutions in the different scan directions). All these distances are stored, for border
voxels from both reference and segmentation. The average of all these distances gives the

averages symmetric absolute surface distance.
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True Positive Rate, in percent: This is measured by dividing the number of lesions in
the segmentation that overlap with a lesion in the reference segmentation with the
number of overall lesions in the reference segmentation. This evaluates whether all

lesions have been detected that are also in the reference segmentation.

False Positive Rate, in percent: This is measured by dividing the number of lesions in
the segmentation that do not overlap with any lesion in the reference segmentation with
the number of overall lesions in the segmentation. This rate represents whether any

lesions are detected that are not in the reference.

All measures have been scored in relation to how the expert raters compare
against each other. A score of 90 for any of the metric indicate a comparable performance
with an expert rater. The overall score for each test case is an average of the score of the
above four metrics calculated for two different raters. An overall score is an average for

the scores of each individual test case.

4.3 Dataset

4.3.1 Synthetic Data
The simulated MRI datasets generated using the McGill University BrainWeb MRI

Simulator ([1], [62], [58], [63], [59]) include three brain MRI datasets with mild,
moderate and severe levels of multiple sclerosis lesions. We will refer to these templates
in this dissertation, including the results, as MSLES 1, MSLES 2, and MSLES 3 for the
mild, moderate, and severe levels, respectively. The MRI data was generated using T1,

T2, and Inversion Recovery (IR) channels. Isotropic voxel size of Imm x Imm x Imm
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and spatial in-homogeneity of 0% are used in this dissertation. For each channel, the

images are available at six different noise levels (0%, 1%, 3%, 5%, 7%, and 9%).

4.3.2 Real Data

Datasets of 61 cases are used to verify the segmentation technique proposed by this
dissertation. The sources of these datasets are the workshop of MS Lesion Segmentation
Challenge 2008 ([2], [64] ) and real MRI studies for MS subjects acquired at the

University of Miami.

MS Lesion Segmentation Challenge 2008

Datasets used for evaluation in this dissertation include 51 cases which are publicly
available from the MS Lesion Segmentation Challenge 2008 website [64]. For each case,
three MR channels are made available (T1-,T2-weighted, and Flair). The datasets are
divided into labeled cases used for training (20 cases) and non-labeled cases used for
testing (31 cases). The MRI datasets are from two separate sources: 28 datasets (10 for
training and 18 for testing) from Children’s Hospital Boston (CHB) and 23 datasets (10
for training and 13 for testing) from University of North Carolina (UNC). The UNC cases
were acquired on a Siemens 3T Allegra MRI scanner with slice thickness of 1 mm and
in-plane resolution of 0.5 mm. No scanner information was provided about the CHB
cases. All subjects MRI are re-sliced to be 512x512x512 with resolution 0.5mm x 0.5
mm x 0.5mm. We will refer to training datasets of CHB and UNC as
CHB train CaseXX and UNC train CaseXX respectively (with XX refers to study
number in two digits). Smilarly the test datasets of CHB and UNC are referred to by

CHB testl CaseXX and UNC testl CaseXX respectively.
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MS Subjects MRI Data acquired at University of Miami

The acquired MRI datasets for MS subjects are composed of multi-channel MRI,
including T1, T2, PD, and FLAIR, for 10 subjects (4 males, age range: 50-72 and 6
females, age range: 30-59). The corresponding volumes in the different sequences are co-
centered and have the same field of view of 175x220 mm. The slice thickness and
spacing between slices for T2, PD, and FLAIR sequences are 3mm and 3.9 mm,
respectively, while both of the slice thickness and spacing between slices for the T1
sequence is 1mm, respectively, for the same field of view. On average, each T2 and
FLAIR MRI sequence consists of thirty seven slices while the T1 MRI sequence consists
of one hundred and sixty slices that cover the whole brain. The axial FLAIR sequences
used in this dissertation were acquired using the following imaging parameters:
9000/103/2500/256 X204/17/123 (repetition time ms/echo time ms/inversion time/matrix
size/echo train length/ imaging frequency). The parameters for axial T1 sequences:

2150/3.4/256 X 208/1/123 (repetition time ms/echo time ms /matrix size/echo train

length/ imaging frequency), while the parameters for axial T2 sequences: 6530/120/256

X 204/11/123 (repetition time ms/echo time ms /matrix size/echo train length/ imaging
frequency). The parameters for axial PD sequences: 6530/10/256 X 204/11/123

(repetition time ms/echo time ms /matrix size/echo train length/ imaging frequency). All
the subjects were referred for brain MRI studies based on an earlier diagnosis of MS. The
MS lesions were manually labeled on the FLAIR sequences by a neuro-radiologist. The
ten MRI studies were acquired using a 3.0T MR scanner under a human subject’s
protocol approved by our institutional review board. We will refer to these subjects as

MSX (with X is an integer number from 2 to 11).
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4.4 Segmentation Framework

The segmentation framework for the proposed technique is based on an SVM fed by
feature vector consists mainly of textural feature. We refer to this core engine by textural
based SVM. The initial pipeline was designed to deal with single channel MRI mainly
the FLAIR sequence (pipeline 1). Then, we aimed to benefit from the complementary
information in the multi-channels MRI and the tissues probabilities obtained when
registered to spatial atlas. Hence, the pipeline 1 was developed to incorporate these
functions and we obtained pipeline 2. Subsequently, we introduced the concept of multi-
sectional views segmentation, where each brain sectional views’ slices are segmented
individually and aggregate function is applied to get more accurate segmentation. We
developed pipeline 3 to incorporate the multi-view segmentation. In the following
sections, the three pipelines are discussed and followed by an experimental results

section.

4.5 Pipeline 1 - Single View and Single-Channel MRI (FLAIR) Pipeline

In this pipeline, the MRI FLAIR slices of the brain are preprocessed for intensity
correction to remove the effect of noise and differences in brightness and contrast
between different scans of different subjects. The next step is the main processing module
which is used for the detection of initial MS lesions regions based on textural features.
This stage generates scores for each voxel in the slices that represents the probability of
being MS voxel or not. The connected voxels having non-zero scores form regions of
potential MS lesions. The post processing step involves addressing false positive MS
regions based on location attributes and detecting false negative MS regions through

inter-slice comparisons using the 3D nature of the MRI. After that, the post processing
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step improves the MS lesions for each slice by removing voxels based on distance and
grayscale features, and including neighboring voxels using region growing based on
grayscale features and including voxels by removing holes in lesion regions based on the

concept of lesion continuity. The pipeline is shown in Figure 4-1.
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Figure 4-1: Single View Pipeline — Single Channel MS Segmentation Pipeline (Pipeline 1).

The modules of this pipeline are explained in details in the following subsections.

4.5.1 Preprocessing

This Module involves intensity correction of the subject’s MRI data to improve the

quality of the input FLAIR slices prior to texture extraction.
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Intensity Correction:

Due to different operating conditions, brightness and contrast of the imaging slices may
vary among subjects. This affects performance of segmentation that is based on textural
features which are calculated based on grayscale intensities. If a dataset is used for
training, better histogram matching of the dataset to be segmented and the training data
will lead to more accurate definition of MS lesions. We used our preprocessing technique
used before in [65] that starts with applying contrast-brightness correction to maximize
the intersection between the histogram of the training and segmentation datasets followed
by using 3D anisotropic filter to eliminate empty histogram bins. Figure 4-2 shows the

effect of the preprocessing technique on improving a FLAIR slice from MS6 (subject

dataset to be segmented) with reference to MS3 (subject dataset used in training).

Figure 4-2: Intensity correction for FLAIR Sequence.

(a) A slice from the reference subject MS3 (used in training), (b) a slice from subject MS6 before preprocessing
and (c) the same slice of MS6 after preprocessing.

4.5.2 Processing Core Module: Single Sectional View Textural Based SVM
Each preprocessed MRI axial FLAIR slice is processed through a trained detector engine

to obtain potential MS lesions regions. The detector engine in our method is implemented
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using support vector machine. Training the detector engine is done by processing the
training dataset and dividing its slices into square blocks and assigning a binary class for
each block. If the block contains at least one pixel manually labeled as MS, it is classified
as MS block (class 1). Otherwise, the block is classified as non-MS block (class 0) if all
of its pixels are labeled as non-MS pixels. Each block is described by a feature vector
which mainly represents textural features of the block. During segmentation, the slice to
be segmented is divided into square overlapping blocks and each block is classified by

the trained engine as MS block or non-MS block.

Block Size

Statistics were previously made to measure the size of the multiple sclerosis lesions. The
common values for the diameter are between 3.5 mm and 13.5mm [66]. For input MRI
studies, the size of the square blocks wxw pixel” is selected automatically to be within the
range of (4x4 mm?) which tightly covers the smallest possible MS lesion diameter based
on the input dataset pixel size which is determined from the input resolution and field of

view.

Feature Vector

In order to describe each square block of the MRI slice, a features vector of is calculated.
The block features are classified into three categories: textural features, position features,

and neighboring blocks features. The features vector is listed in Table 4-1.
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Textural Features

The textural features are calculated for the FLAIR sequence (Ci). Textural features
include histogram-based features (mean and Variance), gradient-based features (gradient
mean and gradient Variance), run length-based features (gray level non-uniformity, run
length non-uniformity) and co-occurrence matrix-based features (contrast, entropy and
absolute value). Run length-based features are calculated 4 times for horizontal, vertical,
45 degrees and 135 degrees directions. Co-occurrence matrix-based features are
calculated using a pixel distance d=1 and for the same angles as the run length-based
features. The details for calculating the textural-based features are provided in Chapter 2.
The motives for using these features specifically for statistical texture are the
recommendation for features provided in the study of Zhang et al. [42] to describe the
MS texture as well as our feature selection study done for a pool of hundreds of textural

features extracted from healthy and lesion blocks.

Position Features

The position features are the slice relative location with reference to the bottom slice and
the radial Euclidean distance between the block’s top left pixel and the center of the slice
normalized by dividing it by the longest diameter of the slice as shown in Figure 4-3. The
center and the longest diameter of the slice are parameters that are geometrically

calculated in the preprocessing step.

The neighboring blocks features are the difference between the mean intensity of the
current block and the mean intensity of each of the eight neighboring blocks as shown in

Figure 4-4.
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Figure 4-3: Position Features Extraction on a Sample Slice.

Calculation of the normalized radial distance between block (2) and slice center (1) (Iength of line 3 / length of
line 4).

Neighboring Features

Figure 4-4: Neighboring Blocks Features on a Sample Slice

Calculation of the eight neighboring blocks features (difference between mean grayscale of the centered red
block and mean grayscale of each of the eight neighboring green blocks in the grid circled by the yellow circle).
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SVM training and segmentation

Support Vector Machine (SVM) is a supervised learning algorithm, which has at its core
a method for creating a predictor function from a set of training data where the function
itself can be abinary, a multi-category, or even a general regression predictor. To
accomplish this mathematical feat, SVMs find a hypersurface which attempts to split the
positive and negative examples with the largest possible margin on all sides of the
hyperplane. It uses a kernel function to transform data from input space into a high

dimensional feature space in which it searches for a separating hyperplane.

Features Category Features

Textural features 1-Mean (Histogram based feature)
2-variance (Histogram based feature)
3-Gradient mean (Gradient based feature)
4- Gradient variance (Gradient based feature)
5-8 Grey level non-uniformality in the 4 directions (Run length
based feature)
9-12 Run length non-uniformality in the 4 directions (Run length
based feature)
13-16 Contrast in the 4 directions (Co-occurrence matrix based
feature)
17-20 Absolute value in the 4 directions (Co-occurrence matrix
based feature)
21-24 Entropy in the 4 directions (Co-occurrence matrix based
feature)

Position features 25-Slice relative location
26- Normalized radial distance between block and slice center

Neighboring 27-34 Differences between grayscale of the block and each of the
blocks features 8 neighboring blocks

Table 4-1 : A square Block Features Vector in Single-View Single Channel Pipeline.

The radial basis function (RBF) kernel is selected to be the kernel of the SVM. This
kernel nonlinearly maps samples into a higher dimensional space so it can handle the case

when the relation between class labels and attributes is nonlinear. The library libsvm 2.9
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[67] includes all the methods needed to do the implementation, training and prediction

tasks of the SVM. It is incorporated in our method to handle all the SVM operations.
Training

The dataset of one subject (or more) is used to generate the SVM training set. In the
selected brain view, the slices of this training dataset are divided into n square blocks of
size wxw pixels. SVM training set (T) is composed of training entries t; (Xj, y;) where x;is
the features vector of the block b;, y; is the class label of this block for i =1 to n (n is the
number of blocks included in the training set). The segmentation of MS lesions amounts
to a binary classification problem, i.e., y; is either O or 1. The training entry is said to be

positive entry if y; is 1 and negative in the other case.

For each slice of the training dataset, each group of connected pixels labeled
manually as MS pixels forms a lesion region. Blocks involved in the set of positive
training entries (Tp) are generated by localizing all the lesion regions and for each of
them, the smallest rectangle that encloses the lesion region is divided into non-
overlapping square blocks of size wxw pixels. Each block b; of these blocks is labeled by
yi=1 if any of the w” pixels inside this block is manually labeled as MS pixel. Any block
that contains at least 1 MS pixel is referred to in our method as MS block. Similarly, the
blocks involved in the set of negative training entries (Tx) are generated by localizing the
non-background lesion regions whose pixels are not manually labeled as MS pixels and
dividing them into non-overlapping square blocks of size wxw pixels. These blocks are
referred to in our method as non-MS blocks. Each block b; of these blocks is labeled by

yi=0. Feature vector x; is calculated for each block of both positive and negative training
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entries. The positive training entries T, contain blocks that contain 1 to w> MS pixels.
This helps the SVM engine to learn the features of the blocks that either partially or
completely contain MS pixels. The training set T is composed of the positive training
entries and the negative training entries: T = Tp U Ty. The training set entries were fed to
the SVM engine to generate a MS classifier which is able to classify any square wxw
block of a brain MRI slice as MS block (y=1) or non-MS block (y=0) based on its

features vector (x).

Training the classifier with more than one subject dataset allow the classifier to
learn broad ranges for the features of real MS-blocks. However, due to computation time,
training using many datasets is supported with each contributing only with a specified
percentage to the overall training set. Usually the amount of MS blocks is much lower
than the non-MS blocks. Hence, the share of blocks from each single dataset in the
training set includes all MS blocks and the share is completed by selecting randomly non-
MS blocks that cover all brain areas. One of the datasets will be the reference for
intensity correction, while the other datasets are intensity corrected according to the
reference dataset before adding their shares to the training set to maintain one intensity

reference that can be used for the datasets to be segmented.

SVM Parameters selection directly affects the classification performance. The
SVM penalty parameter C and the RBF kernel parameter y are chosen via a grid search
using cross validation as proposed in [67]. In cross validation, the training dataset are
divided into subsets. Sequentially one subset is tested using the classifier trained on the
remaining subsets. Cross validation accuracy is the percentage of data which are correctly

classified. Various pairs of (C; y) values are tried in the cross validation tests and the one
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with the best cross validation accuracy is picked. We applied the cross validation on the
training subject (MS3) dataset. Using this offline exhaustive search, C and y that
provided best accuracy in the cross validation for our technique are 1 and 0.029

respectively.

On the other hand, the training set used in training the SVM is highly imbalanced.
The size of the negative training entries (TN) is much higher than the positive training
entries (TP) due to the relative size of lesion with respect to the normal brain tissues. This
affects the performance of SVM. However traditional approaches to overcome
imbalanced data involve either over-sample the minority class (MS blocks) or under-
sample the majority class (non-MS blocks). The first results in a distribution that no
longer approximates the target distribution and the later results in discarding instances
that may contain valuable information. Our decision was to leave the data with neither
over-sampling nor under-sampling to avoid biasing the classifier and to keep the real
distribution. Future improvement should address balancing the dataset with no added

inaccuracy.

Segmentation

Each of the axial FLAIR slices of the subject dataset to be segmented is divided into
overlapping square blocks of size wxw pixels depending in the computation time
constraints. The features vector for each block is calculated. The trained SVM for the
corresponding brain view is used to predict the class labels for all the blocks. For any

block classified as MS block, assuming true positive classification, this does not mean
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that all pixels of the block should be classified as MS pixels because the SVM engine is

trained to detect the blocks that contains MS pixels completely or partially.

For each slice, all pixels are assigned an integer score. This score is initialized
with a zero value. During segmentation, if any block is classified as MS block (y=1), the
scores of all pixels inside the block are incremented. As the blocks are overlapped, each
pixel is part of w” blocks as demonstrated in Figure 4-5. Thus, the score will be any value

from 0 to w°.

Figure 4-5: All possible overlapping blocks that contain a pixel.

for 8x8 blocks (w=8), the red pixel is part of w’=64 blocks. The eight bold blocks are samples where the red pixel
lies in the coordinates (8,8) of block 1, (7,7) of block 2 ... and (1,1) of block 8.

After classification, these scores act as initial lesion probability maps where a large score
indicates high probability for the pixel to be an MS pixel. Initial MS lesions can be

generated by assigning any pixel of non-zero score as MS pixel.

Figure 4-6 shows segmentation of sample slice from subject (MS6) in axial views.
Figure 4-6(a) shows the preprocessed FLAIR slice. Figure 4-6(b) is the ground truth for
the lesions generated through manual segmentation. Figure 4-6(c) is the initial
segmentation by considering any pixel of score higher than zero as MS pixel.

Figure 4-6(d) provides a colored evaluation of the segmentation where the true positive
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pixels are marked by blue, false positive are marked by red, false negatives are marked

by green and true negatives are the background pixels.

Figure 4-6: Using Textural SVM in Single Channel and Single View.

(a) preprocessed FLAIR axial slice from MS6, (b) ground truth, (c) initial segmentation and (d) colored
evaluation of segmentation.

4.5.3 Post-Processing Module

The purpose of the post processing step is to improve and refine the performance of
initial segmentation through dealing with different types of errors (false positives and
false negatives). Figure 4-7 shows the initial segmentation of a sample slice from subject
MSS5 and the colored evaluation of the segmentation in which the false negatives and
positives are marked in green and red colors, respectively. Errors in the initial

segmentation of MS lesions can be classified as:

e Type 1: False negatives resulting from not detecting MS lesion regions (labeled by 1
in Figure 4-7 (b)).

e Type 2: False negatives resulting from incomplete MS lesion regions (labeled by 2 in
Figure 4-7 (b)).

e Type 3: False positives resulting from false MS lesion regions (labeled by 3 in

Figure 4-7 (b)).
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e Type 4: False positives resulting from false portions of true MS lesion regions

(labeled by 4 in Figure 4-7 (b)).

The following steps, which constitute the post processing of the MS lesion
segmentation framework, are a set of logical operations that aim to address the different
types of errors in the initial segmentation of MS lesions without adding new errors. The
subject dataset used in training (MS3) was segmented by the textural SVM to get the
initial segmentation which was analyzed for the different errors in MS lesions
segmentation to formulate the criteria and thresholds used in post processing. This is

summarized in the block diagram shown in Figure 4-8

Figure 4-7: False negatives and positives in the textural segmentation.

(a) initial segmentation of a slice from MSS and (b) colored evaluation of the initial segmentation where the
different types of errors are labeled by a number matching the corresponding error type.
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Figure 4-8: Formulation of Criteria and Thresholds used in Post processing.

Elimination of false positives resulting from lesion regions in uncommon locations

In this step, errors of type 3 in MS lesions are addressed. This type of errors in MS
lesions results from detected MS lesion regions which are completely false. Some of
these MS lesion regions that are located in uncommon locations can be eliminated. Odd
locations include MS lesions outside the brain area, close to the brain boundary, or close

to the sagittal plan [27].

In Figure 4-9, step 1 of post processing is applied to the initial segmentation of a
slice from subject MS6, shown in Figure 4-9(a) and color evaluated in Figure 4-9(b), to
eliminate the erroneous MS lesion regions circled in yellow circle as they are located so
close to the boundary of the slice. The same slice after applying step 1 of post processing
is shown in (Figure 4-9(c), Figure 4-9(d)). The same results were obtained for this slice

by deletion based on location or by using the following SVM based Deleter.
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Figure 4-9: Post processing Stepl: Elimination of segmented lesion regions in odd locations.

(a) and (b) are the slice segmentation and colored evaluation of the segmentation before applying step 1 (MS
lesion regions in odd locations are circled in yellow). (¢) and (d) are the slice segmentation and colored
evaluation of the segmentation after applying step1.

Detection of non-detected MS lesion regions (false negatives)

In this step, errors of type 1 in MS lesions are addressed. This type of errors in MS
lesions results from not detecting the lesion region, i.e., completely missing it. According
to [68], in most cases the MS lesions extend only into one to three consecutive slices
when the thickness of the slices is 3 mm. Therefore, In order to recover the missing MS
lesion regions the initial segmentations of the previous and the next slices (or neighboring
slices) are considered. The detected MS lesion regions in the previous and next slices are

intersected based on the common coordinates on both slices generating a new slice of MS
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lesion regions. Any pixel in the MS lesion regions resulting from the intersection is
assigned the average of the segmentation scores of the two pixels located at the same
slice local coordinates in the intersecting slices. Each intersection lesion region is
assigned a score which is the average of the scores of the pixels in the lesion region.
Because of the 3D nature of the MRI slices and the fact that the lesion occupies a volume,
the lesion regions generated from the intersection should be highly correlated to the
lesion regions in the original slice (the slice between the intersecting slices) especially if
the generated lesions are of high scores. If this intersection leads to new regions in the
current slice that have high scores, there will be a high probability that these new lesion
regions are part of non-detected lesions in the current slice, and they should be added as
initial segmentations. In Figure 4-10, step 2 of post processing is applied to the initial
segmentation of a slice from subject MS6. Figure 4-10(a) shows slice 12 and the circled
green lesion is a sample for a completely non-detected MS lesion region. Figure 4-10 (b)
and Figure 4-10 (c) show slices 11 and 13, respectively. The circled lesion regions in
both of them are detected lesion regions in the textural segmentation step. When these
lesion regions are intersected as shown in Figure 4-10(d), they recover part of the non-
detected lesion region in slice 12 as shown in Figure 4-10(e). The recovered part of lesion
region can act as a seed that can be expanded in the region growing used as part of post

processing step 3.
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Figure 4-10: Post processing Step2: Detection of the non-detected lesion regions using neighboring slices.

(a) non detected lesion in slice 12 of MS6. (b) and (c) detected lesions in the slices 11 and 13 respectively are
intersected to recover part of the non detected lesion region. (d) Intersection provides part a new lesion region
(e) Portion of the lesion region in the slice 12 is recovered by adding (a) and (d).

Step 3: Lesion Regions Shape Correction

In this step, errors of type 2 and 4 in MS lesions are addressed. These two types of errors
represent false parts in the segmented MS lesion regions in the form of either additional
parts that need to be removed or incomplete parts that need to be detected. Both types of
errors are addressed through shape correction of each segmented MS lesion region
without adding or deleting MS lesion regions. Each detected MS lesion region in each
slice is processed to correct its shape through the elimination of false positive pixels (type
4) and adding non-detected or false negative pixels (type 2). The shape correction of
detected MS lesions is performed through the following three operations. Figure 4-12
will be used to illustrate the application of the different operations in post processing step
3 to a sample segmented slice from MS6. Figure 4-12 (il) and Figure 4-12(i2) show the
initial colored evaluation of the segmentation and the initial segmentation, respectively.
The other parts of Figure 4-12 will be used to illustrate the corresponding operations in

the following discussion of step 3.
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Step A - Elimination of the false positives on the boundary of detected MS lesion

regions

The colored evaluation of the segmentation depicted in Figure 4-12(il) shows that each
lesion regions colored in blue area (true positive) is surrounded by a red boundary (false
positive). These false positive pixels on the boundary of the lesion regions may arise
from the similarity between the textural properties (features) of non-MS regions and MS
lesion regions. These false positive pixels may also arise from blocks classified in the
initial segmentation as MS blocks which will cause all the block pixels’ scores to be
incremented increasing their probability to be MS-pixel even when some of the pixels in

the block are not MS pixels.

To eliminate these false positive pixels, especially on the boundary, the following

parameters are considered for each pixel:

1. Euclidean distance between the pixel and the lesion region boundary.

2. Difference between the grayscale of the pixel and the mean grayscale of the lesion
region.

3. Segmentation score of the pixel at the conclusion of the initial segmentation step.

Some of the pixels of the non-MS pixels on the boundary of lesion regions can be
eliminated based on these parameters using a fuzzy engine designed for this purpose
where the membership functions and the threshold values are calculated based on the
analysis of the initial segmentation of the training subject dataset (MS3). A Summary of
the fuzzy engine including variable fuzzification, fuzzy rules, and defuzzification is

provided in Figure 4-11. The fuzzy rules output is the decision which is binary variable
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have two values; either keep the pixel in the lesion region (KEEP) or remove it

(REMOVE). The defuzzification is performed using the centroid rule which is used in

case of classification [69].

(3a) Fuzzification
Variable Membership Functions Plot
Segmentation Score LO (low) w =T .
(Score) MED (medium)
HI [High)
-} 1
I e
_— I e R —
Grayscale difference NB [negative big) ™ w“ zes L] |
{GS_DIFF) NS [negative small) r
=(meangrayscale - Z (zero)
pixel grayscale) Ps {pmve sr_nal} as
PB (positive big)
-1 :: : “ -] 159 e b
rput varabi "CS-0eT
Distance from boundary  LO (low) W T "
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normalized to maximum  HI [High) L]
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{€) Defiurzification: Centroid Rule (Zheru Chi 1998 )

Figure 4-11: Fuzzy Engine used in Lesion Regions Shape Correction (Step 3-a).

Variables fuzzification, fuzzy rules, and defuzzification. (In Fuzzy rules, X indicates don’t care condition and
DECISION=KEEP means keep the pixel in the MS lesion region and DECISION=REMOVE means remove the
pixel from the MS lesion region).
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Figure 4-12 (al) and Figure 4-12 (a2) show the effect of applying this step (A) on a slice
from MS6 in case of using the fuzzy based engine. The lesion regions became smoother
after trimming the false positive pixels on the boundary, but some pixels inside the lesion
regions were eliminated by mistake leaving some holes (green voxels in Figure 4-12 (al)
and black voxels in Figure 4-12(a2). These holes will be addressed in operation (c) of
step 3 of post processing, to be discussed later. Any excessive pixels trimmed from the
boundary can be recovered in operation (b) of step 3 of post processing where false

negatives are addressed.

Step B - Elimination of the false negatives on the boundary of the lesion regions

The colored evaluation of the segmentation depicted in Figure 4-12(il) shows green
pixels (false negatives) connected to some of the lesion regions blue areas (true
positives). These false negative pixels on the boundary of the lesion regions can arise
from the dissimilarity between the textural properties (features) of the non-detected lesion
areas and the textural properties of the detected lesion region itself. To recover these
pixels, region growing is applied for each lesion region. Any of the pixels neighboring to
each lesion region are included in the closely adjacent MS lesion region if the absolute
difference between the grayscale of the pixel and the mean grayscale of the lesion region
does not exceed the standard deviation of the grayscale of the lesion region. The region
growing operation is repeated recursively until no new pixels are added. Figure 4-12(b1)
and Figure 4-12(b2) show the effect of applying this recursive region growing operation,

where most of the false negative pixels were recovered.
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Step C - Forcing lesion continuity to eliminate false negatives (holes) inside the

lesion regions

For each lesion region, there may be some pixels inside the region which are not detected
in the initial segmentation (due to the block’s textural features being different from
features of MS blocks) or detected but removed as part of the elimination of false
positives on the boundary of MS lesions during operation (a) of this step while trimming
the lesion region. By applying the logical concept of lesion continuity, which means that
the lesion cannot have inside holes, all the pixels inside the boundary of the lesion
regions are assigned to be MS pixels. Figure 4-12(c1) and Figure 4-12(c2) show the

effect of applying this operation where all the holes were filled.

All the operations visualized in Figure 4-12 shows that step 3 did not add or remove any
lesion regions from the initial segmentation but only the lesion regions became more

completed and smoother.

4.6 Pipeline 2 - Single View and Multi-Channels MRI Pipeline

This pipeline is similar to the previous pipeline but supports inputs of multi-channels
MRIs. The supported channels are FLAIR, T1, T2 and PD MRI sequences. The following
subsections describes the added functions to the modules of pre-processing, core textural
SVM and post-processing to benefit from the multi-channels data and also benefits from

the registration of the T1 channel to the MNI atlas template to provide spatial priors.
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Figure 4-12: Post processing Step3: Lesion Regions Shape Correction.

(i1) and (i2): the initial colored evaluation of the segmentation and the initial segmentation. (al) and (a2): Effect
of applying step 3a. (b1) and (b2): Effect of applying step 3b. (c1) and (c2): Effect of applying step 3c.

4.6.1 Changes in Preprocessing Module

In pipeline 1, the preprocessing module provides intensity correction to the FLAIR slices.
In pipeline 2, offline registration to the probabilistic MNI atlas [70], co-registration

among the different channels and Intensity correction to all channels are added.

Registration with MNI Probabilistic Atlas

The probabilistic MNI atlas [70] provides for each voxel the probability of belonging to
the white matter (WM), the grey matter (GM) and the cerebro-spinal fluid (CSF). The
template of the MNI atlas is a T1 sequence, thus the T1 sequence of the subject MRI is
used for registration with the atlas. The registration is done offline before the
segmentation using AIR package [71]. Based on the registration step, three values are

provided for each voxel representing the prior probabilities of the voxel to belong to
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white matter, gray matter or CSF tissues. A sample slice from the MNI atlas template and
T1 slice along with the registered priors of the probabilistic MNI atlas are shown in
Figure 4-13. Figure 4-13 (c-e) are the corresponding slice from the probabilistic tissue for
the white matter (WM), gray matter (GM) and CSF tissue prior probabilities,

respectively.

Figure 4-13: Registration To MNI Atlas with T1 sequence.

(a) a slice from the MNI atlas template (b) a T1 slice from the subject MS3 registered to slice shown in (a)
(c)Registered White Matter Probability (d) Registered Gray Matter Probability (e) Registered CSF Probability

Co-registration

As described in the datasets section 2.1, the datasets acquired at the University of Miami
Miller School of Medicine, have different resolutions across the channels. These datasets
are used in our research in three settings: single-channel, multi-channels, and MS
Challenge settings. In multi-channels settings (this pipeline), the other sequences (T2,
PD, and FLAIR) are co-registered to the T1 sequence that was already registered to the
MNI atlas. The expert MS labels are manually delineated on the FLAIR sequence. In
order to keep the manual MS labels unaffected through the registration, the FLAIR
sequence should not go through minimum changes in the registration process. Thus, T2
and PD are co-registered to T1. Then, all of (T1, T2, and PD) are re-sampled to the same
resolution and the same inter-slices distances of the FLAIR. Thus, each slice of FLAIR

sequence corresponds to a slice from the other sequences. Then, 2D registration is
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applied to each slice of FLAIR to match corresponding slice of T1 sequence and the
transformation matrix parameters are extracted and applied to the MS label overlay. A
sample T1 slice along with the other channels and the ground truth lesion mask registered
to the T1 sequence are shown in Figure 4-14. Figure 4-14 (a) shows a T1 slice (from
subject MS6) registered to the MNI atlas template and down sampled to the resolution of
FLAIR. Figure 4-14 (b) shows the corresponding FLAIR slice corresponding to the
Tlslice after registration. Figure 4-14 (c) shows the ground truth lesion mask
superimposed over the FLAIR slice after registration. In Figure 4-14 (d), lesion mask is
extracted. Figure 4-14 (e and f) show the corresponding T2 and PD slices corresponding

to the Tlslice after registration, respectively.

(a) a T1 slice from the subject MS6 (b) FLAIR slice registered to T1 (c) Ground Truth Lesion mask
superimposed over the FLAIR slice is registered (d) the lesion mask is extracted after registration (e) T2 slice
registered to T1 (f) PD slice registered to the T1.

Intensity Correction:

The same intensity correction module used in pipeline 1 is applied in pipeline 2 for the all

channels.
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4.6.2 Changes in the Processing Core Module “Textural Based SVM”
The same engine used in pipeline 1 is used in pipeline 2 with only two added categories
of blocks features are added to the feature vector: other channels intensities and the

tissues priors obtained from the MNI atlas.

Changes in the Feature Vector

The block features are classified into five categories: textural features, position features,
co-registered intensities, tissues priors and neighboring blocks features. The updated

features vector is listed in Table 4-2.

Multi-Channels Intensities

The other channels features (C2 and C2) include intensity means for the corresponding

block in the T1, T2, and PD channels.

Spatial probabilistic tissues Priors

The atlas spatial prior probabilities features include the means of the priors extracted
from the probabilistic atlas (White Matter, Gray Matter, and CSF probabilities) for the

block.

The textural features, position features, and neighboring blocks features. categories were
explained in pipeline 1.

4.6.3 Post-Processing Module

To benefit from the tissues probabilities in the post-processing module, step 1 and step
3A of the post-processing module used in pipeline 1 are replaces with SVM based

Deleter and SVM based Trimmer respectively.
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Features Category Features

Textural features 1-Mean (Histogram based feature)
2-variance (Histogram based feature)
3-Gradient mean (Gradient based feature)
4- Gradient variance (Gradient based feature)
5-8 Grey level non-uniformality in the 4 directions (Run length
based feature)
9-12 Run length non-uniformality in the 4 directions (Run length
based feature)
13-16 Contrast in the 4 directions (Co-occurrence matrix based
feature)
17-20 Absolute value in the 4 directions (Co-occurrence matrix
based feature)
21-24 Entropy in the 4 directions (Co-occurrence matrix based
feature)

Position features 25-Slice relative location
26- Normalized radial distance between block and slice center

Other Channels 27-T1 Mean

28- T2 Mean
29- PD Mean
Atlas Spacial 30-WM Probability Mean
Priors 31- GM Probability Mean
32-CSF Probability Mean
Neighboring 33-40 Differences between grayscale of the block and each of the
blocks features 8 neighboring blocks

Table 4-2 : A square Block Features Vector in Single-View Multi-Channels Pipeline.

SVM based Deleter

To improve elimination of false positive regions (step 1), an SVM lesion region eraser
engine is introduced. This is an engine is based on a features vector for the segmented

lesion region. The features vector is summarized in Table 4-3.
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Features Category

Features

Lesion Region Area and
Position

Lesion Region Area
Normalized Cartesian coordinates of the top left point of the
lesion region.

Segmentation Mean Mean of Segmentation scores of the lesion regions pixels at
Score of the Lesion the conclusion of the initial segmentation step.
Region

Region Intensity Mean

Mean of Grayscale intensities of the lesion region pixels (for
the supported channels).

Difference between
Lesion Region Intensity
Mean and Background
Intensities mean

Difference between the grayscale intensity of the pixel and
the mean grayscale intensity of the lesion region neighboring
background (for the supported channels).

Difference between the grayscale intensity of the pixel and

the mean grayscale intensity of the slice background (for the
supported channels).

Table 4-3 : Segmented Lesion Region Features Vector

The lesion region features include the lesion region area which is calculated by counting
the pixels of the region. The Cartesian coordinates of the top left pixel of the lesion
region are normalized; for each feature, the mean of the feature values was subtracted
from the voxel value, and the outcome was divided by the standard deviation. This
approach resulted in a mean of 0 and variance of 1 for all features. The position features
are added because some of the false positive MS lesion regions are located in uncommon
locations. Odd locations include MS lesions outside the brain area, close to the brain
boundary, or close to the sagittal plan. Since the spatial features were also normalized by
this method, this implicitly corrects for differences in size and location between the
patients. The segmentation score of the pixels of the lesion region are averaged to get a
feature for the region. The lesion region mean intensities (for the supported channels) are
included as a feature. The difference between the mean grayscale intensity and the
background mean intensity is used to formulate features representing the lesion region.

There are two types of region backgrounds; the neighboring background and the slice
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background. The neighboring background for the lesion region is defined as the rectangle
whose width and length are three times the width and length of the smallest rectangle
enclosing the lesion region respectively and the lesion region are centered in this
rectangle. Figure 4-15 shows the lesion region neighboring background marked with
yellow lines. The slice background is the brain area surrounding the lesion region. The
means of intensities of neighboring and slice backgrounds are calculated excluding any
other lesions in these backgrounds. The difference between grayscale intensity of the
lesion region and both backgrounds intensities mean for all of the four channels are used

as features in the features vector.

Figure 4-15: Neighboring Background (Marked by Yellow rectangle) of a Lesion Region (Marked by Red
indicating False Positive).

The deleter engine is a SVM engine added to provide a decision to keep (or discard) each
segmented lesion region. It is trained with the evaluation of the result of the main
segmentation process. The same subject dataset used in training the main segmentation
engine is segmented by the main segmentation engine and the segmented lesion regions
are compared with the ground truth. For each lesion region of the segmented lesion

region, the above features are calculated and Keep/Discard decision of the lesion region
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is assigned to 1 (Keep) in the training set if the lesion region has at least one pixel marked
as MS lesion in the ground truth and 0 (Discard) otherwise. The trained SVM engine is

used to delete the false positive lesion regions in the texturally segmented lesion regions.

SVM based Trimmer

To improve elimination of false positive pixels in the true regions (step 3A), especially
on the boundary, a SVM lesion region trimmer engine is introduced. This is engine is
based on a features vector for the pixel of the segmented lesion region. This feature

vector is summarized in Table 4-4.

The trimmer engine is a SVM engine added to provide Keep/Discard decisions for
each pixel of the lesion region. It is trained with the evaluation of the result of the main
segmentation process. The same subject dataset used in training the main segmentation
engine is segmented by the main segmentation engine and the segmented lesion regions
are compared with the ground truth. For each pixel of the segmented lesion region, the
above features are calculated and a Keep/Discard decision for the pixel is assigned to 1
(Keep) in the training set if the pixel is part of an MS lesion in the ground truth and 0
(Discard) otherwise. The trained SVM engine is used to trim the false positive pixels in

the segmented lesion regions.
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Features Category Features

Relative Position of Pixel FEuclidean distance between the pixel and the lesion region
to region calculated center. This distance is normalized by dividing
by the lesion region perimeter.
Euclidean distance between the pixel and the lesion region
boundary. This distance is normalized by dividing by the
lesion region perimeter.

Segmentation Score of ~ Segmentation score of the pixel at the conclusion of the

the pixel initial segmentation step.
Pixel Intensity Grayscale intensity of the pixel (for the supported
channels).

Difference between Pixel Difference between the grayscale intensity of the pixel and
Intensity and Region and the mean grayscale intensity of the lesion region (for the
Background Intensities ~ four channels).
mean Difference between the grayscale intensity of the pixel and
the mean grayscale intensity of the lesion region
neighboring background (for the supported channels).
Difference between the grayscale intensity of the pixel and
the mean grayscale intensity of the slice background (for the
supported channels).

Atlas Spatial Priors Pixel WM Probability
Pixel GM Probability
Pixel CSF Probability

Table 4-4 : Segmented Pixel Features Vector

4.7 Pipeline 3 — Segmentation of MS in Multi-Sectional Views Multi-channel Slices

The MS lesion volumes can be viewed from the different sectional views of the brain
MRIs. Figure 4-16 shows an MS lesion volume in the three sectional views. A lesion
region in the axial view is pointed to by a cursor in Figure 4-16(a), its corresponding
lesion region in the sagittal view in Figure 4-16(b) and its corresponding lesion region in
the coronal view in Figure 4-16(c). The proposed technique aims to benefit from the
multiple views in improvement the quality of MS lesions segmentation. Our
segmentation technique strategy is to superimpose the segmentations, in which slice
segmentation are performed on axial, sagittal and coronal views and the resultant

segmentations are aggregated to generate the final segmentation.
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Figure 4-16: An MS lesion volume in the three sectional views. (a) The cursor points to an MS lesion region in
the axial view. (b) The cursor points to the corresponding MS lesion region in the sagittal view. (¢) The cursor
points to the corresponding MS lesion region in the coronal view.

A pipeline was developed based on the preprocessing and textural based SVM
processing core to implement the multi-sectional views segmentation. This pipeline is
composed of preprocessing, three instances of textural based SVM core and multi-views’
segmentation aggregation modules as shown in Figure 4-17. The input studies are
preprocessed offline for registration and co-registration. The three textural based SVM
core are similar engines; each is applied to a sectional view (Axial, Sagittal, and Coronal
views). Through each engine, the multi-channels MRI slices of the brain are preprocessed
for intensity correction to remove the effect of noise and variations in brightness and
contrast among corresponding sequences of different subjects. The next step in each
sectional view engine is the processing module, which is used for the detection of initial
MS lesions regions based on textural features. The output segmentations of the sagittal
and coronal view engines are rotated to be in the axial view. The output segmentations of
the axial, sagittal, and coronal sectional views engines are noted as A, B, and C,
respectively. The multi-sectional views’ segmentations aggregation step is applied to A,
B, and C to generate the final output segmentation. No post processing module is

included in this pipeline.
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Figure 4-17: MS lesions Multi-sectional views — Multi-Channels MS lesions segmentation framework (Pipeline

3).

The block division is done in a non-overlapping manner to reduce computation

time taking into consideration that the segmentation is done three times, once for each

sectional view.
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4.7.1 Changes in Pre-Processing Module
It uses the same pre-processing module used in pipeline 2 with only three channels (T1,

T2, and FLAIR are supported).

For the MS Lesion Segmentation Challenge datasets, all datasets were rigidly
registered to a common reference frame and re-sliced to isotropic voxel spacing, with
resolution 512x512x512, using B-spline based interpolation. The images were then
aligned on the mid-sagittal plane [34]. The template of the MNI atlas is a T1 sequence,

thus the T1 sequence of the MRI datasets is used for registration with the atlas.

For the datasets acquired at the University of Miami Miller School of Medicine,
have different resolutions across the channels. In this pipeline, these datasets are used in
MS Challenge settings. In MS-Challenge settings, all the datasets were re-sliced to be in
the same resolution conditions of MS Lesion Segmentation Challenge datasets to be
tested by the models trained by MS Lesion Segmentation Challenge training data. Then
they were registered to the MNI atlas using Automated Image Registration (AIR)

software [35].

We have created a spatial priors atlas for the BrainWeb datasets analog to the
standard MNI atlas. The BrainWeb database provides twenty anatomical models for
normal brain. These anatomical models consist of a set of fuzzy tissue membership
volumes, one for each tissue class, i.e., white matter, gray matter, cerebrospinal fluid, fat.
The voxel values in these volumes reflect the proportion of tissue present in that voxel, in
the range [0, 1]. Since we are interested in this dissertation in the white matter, gray

matter, and CSF tissues probabilities, the corresponding tissues membership volumes in
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the anatomical models are averaged over the twenty brain templates to get a spatial priors

atlas to be used when testing the BrainWeb data.

4.7.2 Changes in core “textural based SVM” Module

The textural based SVM is cloned three times for the three sectional-views. For each
sectional brain view (axial, sagittal or coronal), a trained classifier is designed to segment
the MS lesions in the corresponding view. The details discussed in this subsection apply
to the three classifiers. The single view classifiers are identical in the structure, criteria,
and algorithm while the difference is only in the slices view from which the features are

extracted.

It uses the same feature vector used in pipeline 2 listed in Table 4-2 (except that only PD

channel based feature (no. 29) is not included).

The training takes place the same as the single views’ pipelines (1 and 2), the only
difference that it is performed in pipeline 3 for all sectional views. The segmentation is
little bit different due to using non-overlapping blocks to reduce computation time as

explained below:

Segmentation

In the selected brain view, each of the slices of the subject dataset to be segmented is
divided into non-overlapping square blocks of size wxw pixels. The features vector for
each block is calculated. The trained SVM for the corresponding brain view is used to
predict the class labels for all the non-overlapping blocks. The block division is done in a
non-overlapping manner to reduce computation time taking into consideration the high

resolution of each slice and performing the segmentation three times, once for each
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sectional view. For any block classified as MS block, assuming true positive
classification, this does not mean that all pixels of the block should be classified as MS
pixels because the SVM engine is trained to detect the blocks that contains MS pixels
completely or partially. However, during segmentation, if any block is classified as MS
block (y=1), all pixels inside the block are marked as MS voxel while the final decision
for the individual pixels taken by the aggregate segmentation step. For the sagittal and
coronal sectional-view segmentations, the output segmentation is rotated to be in the
axial view. The output segmentations of the axial, sagittal, and coronal sectional views

segmentation engines are noted as A, B, and C, respectively.

Figure 4-18 shows segmentation of sample slices from subject (CHB train CaseOl) in
multi-sectional views (axial, sagittal, and coronal). Figure 4-18 (A) demonstrate axial
sectional view segmentation: Figure 4-18 (Al) shows the original FLAIR slice.
Figure 4-18 (A2) shows the ground truth for the lesions generated through manual
segmentation. Figure 4-18 (A3) provides the colored evaluation of the segmentation.
Similarly, Figure 4-18 (B) and Figure 4-18 (C) demonstrates sagittal and coronal views

segmentations.
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Figure 4-18: Using Textural SVM in Multi-Sectional Views.

)

(A) Axial Sectional-View Segmentation, (B) Sagittal Sectional-View Segmentation and (C) Coronal Sectional-
View Segmentation. (A1, B1 and C1) Sample slice from CHB_train_Case07 in the corresponding View, (A2, B2
and C2) ground truth for the sample slice, (A3, B3 and C3) colored evaluation of the corresponding view
segmentation.
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4.7.3 Aggregate Segmentation
The set S includes all voxels in the dataset to be segmented. The resultant segmentations
from the single view classification can be represented by sets A, B, and C for the axial,
sagittal, and coronal segmentations, respectively. Each set includes the voxels that are
classified as MS-voxel in the corresponding view segmentation. In the best case scenario,
all the positive and negative classes are true, and A, B, and C should be identical.
However, reality is that the three sets intersect with each other as shown in Figure 4-19.
As the number of segmentation sets where a certain voxel is included increases, the

higher the probability of this voxel to be true positives.

All Vouels Set (5]

Axial
Segrmentation St (A]

Coronal Saptal
Segmencazion Set (€} Segmentation Set (B)

Figure 4-19: Segmentation sets of single views: Axial (A), Sagittal (B) and Coronal (C).

The aggregate segmentation function decides for each voxel v € § if it should be
included in the aggregate segmentation set (G) according to the relation between v and
the three sets of the sectional views segmentations A, B, and C. We model the
aggregation as a binary classification problem that assigns for each voxel v € § either

the class MS; (included in G) or the class MS (not included in G).
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For each voxel v, we define a discrete variable X, that represents the number of

segmentation sets where the voxel v is included. The variable X,, can take discrete
symbolic values Xy, X, X5, and X3 according to the following definition:

Xo» vES—(AUBUCQ)

¥ = X1, veE(JA—(BUCO)]U[B—(AUuO)]U[C—-(AUB)) (4-6)
V71X, ve(ANB)—-ClU[(BNC)—-AJU[(ANC)—B])

X;, veENBNC)

According to the above definition and the demonstration in Figure 4-19, X,,= X, if
v falls inside the white area (v is not included in any of A,B or C), X,= X; if v falls
inside the yellow area (v is inside either A,B, or C), X,,= X, if v falls inside the orange
area (v is included by any two sets of A,B, and C) and X,,= X3 if v falls inside the red

area (v is included in A,B, and C).

The Bayesian decision rule is applied to obtain the posterior probability
P(MS;|X,). This involves the calculation of the classes priors P(MS;) and the likelihood
functions P(X,|MS;) for (i=0 to 1). In order to obtain the prior probabilities and the
likelihoods, statistical analysis was performed on the training datasets (the 20 training
datasets from the MS Lesion Challenge). The prior probability P(MS;) is the percentage
of voxels that are manually labeled as MS-voxels in the datasets ground truth while the
prior probability P(MSy) is the percentage of voxels that are manually labeled as normal
voxels. Then the training datasets were segmented using the three engines of the single
view (Axial, Sagittal, and Coronal) segmentations to get the three sets A, B, and C
respectively for the training datasets. The likelihood function P(X,=XjMS;) is the

percentage of voxels that are manually labeled as MS-voxels in the datasets ground truth
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and in the same time X,,=X; according to the automatic segmentation for (i=0 to 3). In the

same manner, P(X,=X;|MSy) is calculated for (i=0 to 3).

The posterior probability P(MS;|X,,) is calculated using the Bayesian decision rule:

P(MS,[X,,)= (P(X,IMS,). P(MS,) )/ P(Xy) (4-7)

where the evidence P(X,) is given by:

P(X,)=P(X,MS)). P(MS) + P(X;,[MS,). P(MS,) (4-8)

Finally, the aggregate segmentation function uses the posterior probability P(MS;|X,,) to
select voxels from the the S to be included in the aggregate set G according the following

rule:

G=1{v|P(MS|X,)>7 YveES} (4-9)

with 7 is a threshold that converts the posterior into a binary decision. The value 0.5 is

selected for 7.

The aggregate segmentation of the multi-sectional views segmentations is
demonstrated in Figure 4-20. Figure 4-20(a) shows a sample axial slice (257) from
CHB train_Case07. Figure 4-20(b) shows the axial view segmentation for this slice
referred to by A,s7 (A stands to the axial segmentation set and the subscript 257 stands to
the slice number). A segmented lesion region (R,) is highlighted by yellow circle.
Figure 4-20(c) shows sagittal sectional-view segmentation performed in a sagittal slice
with the highlighted area intersects with (Ra). After performing sagittal view

segmentation for all sagittal slices, the resultant segmentation is rotated to the axial view
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(B). The result of this segmentation that corresponds to the original sample slice, referred
to by B,s; (B stands to the set of sagittal segmentation rotated to axial view and the
subscript 257 stands to the slice number in axial view) is shown in Figure 4-20(d) with
the highlighted area is a new segmentation for R, namely (Rg). Similarly, Figure 4-20(e)
shows coronal sectional-view segmentation performed in a coronal slice with the
highlighted area intersects with (Ra). After performing coronal view segmentation for all
coronal slices, the resultant segmentation is rotated to the axial view (C). The result of
this segmentation that corresponds to the original sample slice, referred to by Cays7 (C
stands to the set of coronal segmentation rotated to axial view and the subscript 257
stands to the slice number in axial view) is shown in Figure 4-20(f) with the highlighted
area is a new segmentation for R, namely (R¢). Figure 4-20(g) gives the aggregate
segmentation of Ajs;, Bysy, and Css; referred to by Gis; (G stands to the aggregate
segmentation set and the subscript 257 stands to the slice number in axial view). The
highlighted lesion region (Rg) is the aggregate of the (Ra), (Rg), and (R¢). Figure 4-20(h)
shows the colored evaluation of the aggregate segmentation with the highlighted lesion
region (Rg) is colored mostly with blue (true positive voxels) along with small portions

colored with red and green (false positive and false negative voxels respectively).
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Figure 4-20: Aggregate segmentation of the multi-sectional views segmentations.

(a) Axial slice (257) from CHB_train_Case07. (b) Axial sectional-view segmentation of the slice (A,s;) with a
lesion region (R,) highlighted in yellow. (c) Sagittal sectional-view Segmentation. The highlighted lesion region
intersects with (R,). (d) Segmentation of the original slice (B,s;) in sagittal sectional-view segmentation rotated
to axial view with lesion region (Rg) highlighted in yellow. (e¢) Coronal sectional-view segmentation. The
highlighted lesion region intersects with (R,). (f) Segmentation of the original slice (C,s7) in coronal sectional-
view segmentation rotated to axial view with lesion region (Rc) highlighted in yellow. (g) Segmentation of the
original slice (G,s7) by aggregates segmentation of (A,s7), (B,s7) and (D,s7). The marked lesion region (Rg) is the
aggregate of (R,), (Rg) and (Rc). (h) Colored evaluation of the aggregate segmentation (G,s;) and the
highlighted area is the colored evaluation if (R¢).

www.manaraa.com



104
4.8 Experimental Results

This section integrates all tests done to evaluate the different pipelines. Although the
development of three segmentation pipelines are done in sequence, we can look to the
technique as a single segmentation framework and each pipeline can be obtained by
configuring the pre-processing, core, and post-processing modules to ease discussion of

the testing results.

Possible Configurations of the Preprocessing Module

The segmentation pipeline uses the preprocessing module configured using the following

options:

e Intensity Correction on selected brain sectional view: Axial, Sagittal or Coronal.
e Intensity Correction on selected Channels.
e Registration of T1 channel to the MNI T1 atlas can be enabled or disabled.

e (Co-Registration among the different channels can be enabled or disabled.

Possible Configurations of the Textural based SVM Core Module

The segmentation pipeline uses the textural based SVM configured using the following

options:

e Segmentation is done on selected brain sectional view: Axial, Sagittal or Coronal.

e Slice is divided into either overlapping or non-overlapping blocks.

e Blocks feature vector includes textural, position, and neighboring blocks features
and:

o Spatial Features (Tissues Probabilities) can be included or not.
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o Other Channels Mean Intensities Features Can be:
= None.
= Means of the intensities of another 2 channels T1 and T2.

= Means of the intensities of another 3 channels T1, T2, and PD.

Possible Configurations of the Post Processing Module

The segmentation pipeline uses the post-processing module configured using the

following options:

e Step 1 False positive Lesion Regions Reduction — can be done using either:
o SVM based Deleter module or
o Deletion of false region based on location.
e Step 2: False Negative Lesion Regions Reduction by inter-slices comparison (No
Configuration).
e Step 3 Lesion Region Shape Correction
o A- False positive on boundary reduction- can be done using either:
= Fuzzy based engine.
= SVM based Trimmer.
o B- False negative on boundary reduction by region growing - No

Configuration.

C- False negatives inside region reduction by forcing lesion continuity - No

Configuration.

www.manaraa.com



106

In the following subsections, the core (main) classifier is verified, single view pipelines

(1 and 2) are validates and the multi-views pipeline is evaluated.

4.8.1 Validation of the Main Classifier

Receiver operating characteristics (ROC) analysis was performed to evaluate the main
processing classifier that generates the initial MS-blocks. Due to using overlapping
blocks, each slice pixel is included in 64 blocks (in case of using square blocks of 8x8
pixels). A score is given to each pixel equals to the number of blocks that encloses the
pixel and classified as MS-block. To draw the ROC curve, a threshold is defined as the
number of positive blocks needed to consider the pixel as MS pixel. This threshold was
changed from 64 blocks down to 0, and for each case the specificity (true negatives rate)
and sensitivity (true positives rate) were calculated in order to create the ROC curve as
plotted in Figure 4-21 where the false positive rate (1-specificity) is on x-axis and the
sensitivity is on y-axis. Using very high threshold leads to zero false positives and very
low sensitivity while very low threshold leads to both very high false positive rate and
sensitivity. For all tests, the ROC curve falls above the diagonal indicating good

classification.
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Figure 4-21: Receiver Operating Characteristics (ROC) curve for main processing performance.

To compare the ROC curve of the proposed technique with one of the state of the art
methods that used ROC for evaluation, the free-response receiver-operating characteristic

curve for overall performance of method proposed by Yamamoto et al. [6] is cloned in

Figure 4-22. Since their method does not involve threshold, they could not draw real

ROC, but instead, the sensitivity is plotted versus the number of false positives per slice.
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Figure 4-22: Free-response receiver-operating characteristic curve for overall performance of a state of the art
method in detection of MS lesions.
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4.8.2 Validation of the Single View Pipelines (Pipeline 1 and Pipeline 2)

The dataset of ten real FLAIR MRI axial sequences were used to evaluate the
performance of the proposed single view pipelines (pipeline 1 and pipeline 2). The

performance metrics detailed in section 4.2 were calculated.

In pipeline 1, the preprocessing, the textural based SVM core and post-processing

modules are configured as following:

Pre-processing module configuration:

e Intensity Correction on axial view.
e Intensity Correction on FLAIR slices.
e Registration of T1 channel to the MNI T1 atlas is disabled.

e Co-Registration among the different channels is disabled.

Textural based SVM configuration:

e Segmentation is done on axial view.
e Slice is divided into everlapping blocks.
e Blocks feature vector includes textural, position and neighboring blocks features
and:
o Spatial Features (Tissues Probabilities) is not included.

o Other Channels Mean Intensities Features is not included.

Post-Processing module configured using the following options:
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e Step 1 False positive Lesion Regions Reduction — using Deletion of false region

based on location.

e Step 2: False Negative Lesion Regions Reduction by inter-slices comparison.
e Step 3 Lesion Region Shape Correction

o A- False positive on boundary reduction either Fuzzy based engine.

o B- False negative on boundary reduction by region growing.

o C- False negatives inside region reduction by forcing lesion continuity.

In pipeline 2, the textural based SVM core and post-processing modules are configured as

following:

Pre-processing module configuration:

e Intensity Correction on axial view.

e Intensity Correction on 4 channels: FLAIR, T1, T2 and PD slices.

e Registration of T1 channel to the MNI T1 atlas is enabled.

e Co-Registration among the different channels is enabled.

Textural based SVM configuration:

e Segmentation is done on axial view.
e Slice is divided into everlapping blocks.
e Blocks feature vector includes textural, position and neighboring blocks features
and:
o Spatial Features (Tissues Probabilities) is included.

o Other Channels Mean Intensities Features include:
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Means of the intensities of another 3 channels: T1, T2, and PD.

Post-Processing module configured using the following options:

e Step 1 False positive Lesion Regions Reduction — using SVM based Deleter.

e Step 2: False Negative Lesion Regions Reduction by inter-slices comparison.

e Step 3 Lesion Region Shape Correction

o A- False positive on boundary reduction using SVM based Trimmer.

o B- False negative on boundary reduction by region growing.

o C- False negatives inside region reduction by forcing lesion continuity.

The segmentation results are summarized in Table 4-5. In this table, for each study

subject, the dice similarity based on lesion regions DSg, the dice similarity based on

voxels DSy, sensitivity, and detected lesion load are given. Overall average is given for

each of these performance metrics.

Study

Pipeline 1 (FLAIR)

Pipeline 2 (Multi-Channels)

DSR DSV Sel’lSitiVityV DLL DSR DSV Sensitivityv DLL
MS2 | 0.88 0.78 0.67 093 | 0.88 0.78 0.67 0.93
MS3 096 0.93 0.89 1.1 | 091 0.86 0.86 0.96
MS4 | 0.68 0.64 0.72 092 082 0.74 0.79 0.93
MS5 [0.72 0.68 0.59 0.65] 0.72 0.68 0.59 0.65
MS6 |0.84 0.72 0.64 0.76 | 0.84 0.72 0.64 0.76
MS7 | 0.77 0.67 0.63 091 | 0.83 0.72 0.72 0.93
MS8 |[0.68 0.68 0.72 1.05 | 0.68 0.68 0.72 1.05
MS9 |0.76 0.63 0.57 0.78 | 0.81 0.7 0.71 0.82
MS10 |0.83 0.71 0.62 0.81 | 0.83 0.71 0.62 0.81
MSI11 ]0.75 0.68 0.74 1.12 ] 0.82 0.78 0.81 1.3
Average | 0.79 0.71 0.68 0.90 | 0.814 0.737 0.713 0.914

Table 4-5 : Segmentation Result
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The single-channel pipeline has average metrics of 0.79 for DSg, 0.71 for DSy, 0.68 for
sensitivity, and 0.9 for percentage of detected lesion load. Better results are obtained for
the multi-channel pipeline where the average metrics are 0.81 for DSg, 0.73 for DSy, 0.71
for sensitivity, and 0.91 for percentage of detected lesion load. The average detected
lesion load indicates that the proposed method could detect the MS lesion with
reasonable error rates. Although the average dice similarity based on voxels DSy is
exceeds the minimum value for reasonably good segmentation, there were drops in the
performance for some of the studies. Based on the analysis of the results for these studies,
the MS lesions were found to be very small for these studies (percentage of MS lesions

volume in voxels to the total volume in voxels less than 0.1%).

Excellent result for the segmentation of the training set is a bottom line for accepting the
technique. If the segmentation result of the training dataset (MS3) is removed from the
average calculation, the average metrics would be lower but still in the good range.
However, it is included for comparison with results of other techniques that includes the

training set segmentation result in their averages.

The effect of the post processing steps on the overall performance is shown in
Figure 4-23. For each study, the dice similarity based on Voxels (DSy) is calculated
before and after the use of the post processing step for both pipelines. The average
improvement in dice similarity of the overall segmentation due to the post processing

stage varies is 12% for pipeline 1 and 15% for pipeline 2.

www.manaraa.com



112

100

090 A

020 A .

070 DiEw B efore Applying Post

D.fSEI ) processing (Pipeline 17
Dse 0.50 - BDEv Before Applying Post

040 - processing (Pipeline 2

030 mD3v After Applying Post

n0z0 4 processing (Pipeline 1)

010 4 BDEv After Applying Post

000 processing (Pipeline 20

MEZ W33 M34 M35 M36 MET MSE ME? MS10LE1L
Study

Figure 4-23: Effect of the Post processing steps on the overall segmentation performance.

One of the recent publications [6] provides a comparison table between different
techniques for detection of the multiple sclerosis lesions according to the dice similarity
based on lesion regions. We quote the table with in Table 4-6 with our results added as
the last two line for the two single view pipelines. For each technique, the citation is
referenced and the methods used in segmentation are provided along with the number of
subjects used in the evaluation and the average dice similarity obtained using the
technique. In the original publication of [6], the dice similarity was calculated based on
the common regions between the manual segmentation and the automatic segmentation
and similarly we also used the value of DSy in the table 3. The table shows that our
method has an average regional dice similarity of which is the highest among the past
studies for both pipelines. This does not mean that our method is the best in terms of
automatic segmentation performance because the comparative results in table 3 are
dependent on the image properties of the datasets, which are different among the
techniques included in the table. However, the comparison shows the success of our

method for detecting MS lesions in real MRI datasets with competitive results.
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Authors Segmentation Method #studies Average
DSr
Boudraa et al. Fuzzy C-Means 10 0.62
2000 [72]
Leemput et al. Stochastic model 50 0.51
2001 [60]
Zijdenbos et al. Pipeline analysis 29 0.68
2002 [73]
Khayati et al. AMM (adaptive mixtures method), 20 0.75
2008 [36] MRF (Markov random field
model)
Yamamoto et al. Region growing, 6 0.77
2010 [6] LSM (level set method)
Proposed Texture Analysis,SVM (Pipeline 1) 10 0.79
Pipelinel [74]
Proposed Texture Analysis,SVM (Pipeline 2) 10 0.8

Pipeline2 [75]

Table 4-6 : Comparison of the automated methods for detection of MS in MR images

4.8.3 Validation of the Multi-Sectional Views Pipeline (Pipeline 3)

Evaluation was performed using both synthetic data and real MRI data containing

varying levels of MS lesion load at different locations in the brain.

In pipeline 3, the three pairs of pre-processing and textural based SVM cores are

configured as following:

Pre-processing module configuration:

e Intensity Correction on axial, sagittal, and coronal (individually) view.

e Intensity Correction on 3 channels: FLAIR, T, and T2 slices.

e Registration of T1 channel to the MNI T1 atlas is enabled.

e (Co-Registration among the different channels is enabled.
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Textural based SVM configuration:

e Segmentation is done on axial, sagittal, and coronal (individually) view.

e Slice is divided into non-overlapping blocks.

e Blocks feature vector includes textural, position, and neighboring blocks features
and:
o Spatial Features (Tissues Probabilities) is included.

o Other Channels Mean Intensities Features include:

Means of the intensities of another 2 channels: T1, T2.

The following subsections provide details about the evaluation settings, metrics, result in

comparison to other methods and comment on results.

Synthetic Data

The BrainWeb database provides three simulated subjects brains involving three levels of
MS lesion; mild, moderate, and severe referred to in this dissertation as MSLES 1,
MSLES2, and MSLES3, respectively. The features vector used in the proposed method
uses multi-channels image intensities with textural features from the FLAIR sequence.
However, the FLAIR sequence is not provided in the BrainWeb MRI data, but the
Inversion recovery sequence (IR) provided in the BrainWeb MRI data is used instead
since it is the closest sequence to FLAIR. Besides, the feature vector depends on spatial
priors’ atlas to provide white matter, gray matter, and CSF tissues probability for each
voxel. For this purpose, a simulated atlas was generated using anatomical models
provided for the twenty normal simulated brains in the BrainWeb database as described

n preprocessing section.
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In the training phase, two different engines were trained. The first engine
(Engine_Moderate 0%) was trained using moderate level lesion subject MSLES2 with
0% of noise level. The second engine (Engine Severe 0 3 7 9%) was trained using
severe level lesion subject MSLES3 at noise levels 0%, 3%, 7%, and 9% with each noise
level sharing 25% of the training set. In segmentation phase, all the three subjects were
tested with all noise levels and the obtained results are shown in Table 4-7. For each case,
the segmentation is evaluated using dice similarity (DS) and detected lesion load (DLL)

for both trained engines.

It is clear from Table 4-7 that using the second engine (trained with the severe
level of MS lesions and varying noise levels) provides better segmentation performance
for the mild, moderate, and severe cases for different noise levels compared to the first
engine (trained with the moderate MS case at 0% noise level) in terms of the dice
similarity (DS) and detected lesion load (DLL). Even the moderate MS case has better
performance for the high noise levels with the second engine than with the first engine

which is trained with the same dataset at 0% of noise.

The results were compared to those obtained by Garcia-Lorenzo et al. [15] for the
same dataset. The comparison for the mild, moderate, and severe cases is provided in
Figure 4-24(a), Figure 4-24 (b) and Figure 4-24 (c) respectively. In [15], the training was
made using the 0% noise level template for each case and the segmentation is tested
using the other noise levels, excluding the 0% noise level, in contrast to our testing that
involves intra subject evaluation (training with a subject template and testing another
subject). Therefore, the 0% will have no results in the charts for the Garcia Lorenzo [15]

data in Figure 4-24.
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Besides, the results were compared to Leemput et al. [25] and Freifeld et al. [35]
for the moderate dataset, which was the only MS lesion level provided by the BrainWeb
at the time of publication of these two methods. The comparison for the different noise
levels is shown in Table 4-8. In [25] and [35], the training was made using the 0% and
1% noise levels for the moderate case template and the segmentation is tested using the
other noise levels excluding the 0% and 1% noise levels for the same case where our
testing involves segmentation of all moderate case noise levels using the engine trained
by severe case (Engine Severe 0 3 7 9%). Therefore, the 0% and 1% will have no

results for [25] and [35] data in Table 4-8.

Comparison with Gracia-Lorenzo et al. [15] in Figure 4-24 shows stability of the
performance using the second engine against different noise levels even for the mild and
moderate cases which are not included in the training set, which supports using different
noise levels in the training set. Comparison with Leemput et al. [25] and Freifeld et al.
[15] shows competitive performance while considering that we use an engine trained with
a different brain template compared to the segmented brain data while both of techniques

used the same brain template for training and segmentation with different noise levels.
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i Using Using
Subjects E:\l;? Engine Moderate 0% Engine Severe 0 3 7 9%

DS DLL DS DLL

M(E/EESI 0% 0.79 1.06 0.57 1.65

1% 0.69 1.21 0.57 1.49

3% 0.37 3.31 0.55 1.72

5% 0.06 27.06 0.49 1.82

7% 0.03 50.60 0.49 1.75

9% 0.03 53.16 0.53 1.65
MSLES2

(Moderate) 0% 0.88 0.85 0.82 0.74

1% 0.87 0.85 0.81 0.74

3% 0.85 0.88 0.80 0.71

5% 0.53 2.00 0.77 0.69

7% 0.33 3.86 0.75 0.66

9% 0.23 5.22 0.72 0.63

MSLES3 0% 0.94 0.92 0.94 0.93
(Severe)

1% 0.94 0.92 0.93 0.92

3% 0.89 0.93 0.93 0.90

5% 0.55 2.18 0.92 0.88

7% 0.35 3.87 0.90 0.85

9% 0.32 4.11 0.88 0.80

Table 4-7 : Segmentation results for the BrainWeb subjects for different noise levels

Noise Leemput 2001 et  Freifeld 2008 et Proposed
Level al.[16] al. [42] Method[76]
0% N/A N/A 0.82
1% N/A N/A 0.81
3% 0.80 0.79 0.80
5% 0.73 0.79 0.77
7% 0.61 0.78 0.75
9% 0.47 0.76 0.7

Table 4-8 : Comparison between the proposed method and state of the art methods on
BrainWeb moderate lesion level dataset for different noise levels based on of dice

similarities.
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Figure 4-24: Comparison between the proposed method and a state of the art method.

BrainWeb datasets are used for different noise levels based on dice similarities for different subject templates.
(a) Mild lesion level subject. (b) Moderate lesion level subject. (c) Severe lesion level subject.

Real Data

Datasets of 61 cases were used to verify the segmentation technique proposed in this
dissertation. The sources of these datasets are the workshop of MS Lesion Segmentation
Challenge 2008 (51 subjects) and real MRI datasets acquired for MS subjects at the
University of Miami Miller School of Medicine (10 subjects). The subjects datasets of the

MS Lesion Segmentation Challenge are categorized as twenty subjects provided for
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training (10 from CHB and 10 from UNC) and thirty one subjects provided for testing

(18 from CHB and 13 from UNC) and labels are not provided for the testing set.

In the training phase, two different engines were trained. The first engine
(Engine CHB) was trained wusing four subjects of the training dataset
(CHB train_Case01, CHB train Case02, CHB train Case06 and CHB train Casel0)
with each subject sharing 25% of the training set. The second engine (Engine UNC) was
trained using four subjects of the training dataset (UNC train Case02,
UNC train_Case03, UNC train Case09 and UNC train Casel0) with each subject
sharing 25% of the training set. As recommended by Anbeek et al. [20],
CHB train Case04, CHB train Case05, CHB train Case09, UNC train Case0l,
UNC train_Case05 and UNC train Case06 were avoided due to image and manual
segmentation quality. For the UNC training set, only the manual segmentations of the

CHB rater were used.

In the segmentation phase, three groups of subjects were tested. The first group is
composed of the MRI dataset acquired for MS subjects at the University of Miami Miller
School of Medicine. The second group is composed of the training set of CHB provided
by MS Lesion Challenge. The third group is composed of the testing cases provided by
MS Lesion Challenge. For each group, the segmentation is evaluated using the metrics
that match those used in other methods using the MS Lesion Segmentation Challenge

datasets to facilitate the comparison with other method for the purpose of the evaluation.
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MS Subjects MRI data

The ten MRI studies for MS subjects acquired at University of Miami, referred to as MS2
to MS11, have been re-sliced to have the same resolution of the training set of
Engine CHB and registered to the MNI atlas as described in the preprocessing section.
The segmentation of these datasets was performed to check the robustness of the
proposed technique when training is done using one source of data with set of conditions
of acquisition and segmentation is performed using a different source of data with
different set of conditions. The dice similarity for the segmentation of the ten subjects is

shown in Figure 4-25.

The X-axis provides the subjects ordered by the total lesion load (TLL) in ml to show the
effect of this parameter on the segmentation performance. An approximate total lesion
load is calculated by counting the number of MS voxles in the ground truth and

multiplying by the voxel volume.

0.80
0.70 -
0.60 -

0.50 ;

0.40 ;.

DS

0.30 -~
0.20 LN ”

0.10 b

0.00

MS8 Ms7 Ms4 MSS MS11 MS5 MS510 MS3 Ms2 MS6
(0.21) (0.24) (0.36) (0.56) (1O0B) (3.56) (76) (23.31) (26.45) (27.32)
Study (TLLin ml)

Figure 4-25: Dice similarity versus the total lesion load.

X-Axis gives the study name ordered by the total lesion load in ml.
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The results shown in Figure 4-25 demonstrate the success of the proposed technique to
deal with the case when training is done using one source of data and conditions of
acquisition and segmentation is performed using a different source of data and different
conditions. Results for these datasets show weak performance when dealing with MRI
studies that have very low total lesion load (TLL) which leads to the conclusion that extra

effort is still needed to specifically handle the mild MS lesions cases.

MS Lesion Segmentation Challenge Training Set Data

The ten CHB subjects provided by the MS Lesion Segmentation Challenge datasets are
segmented by the proposed technique. For the purpose of comparison, segmentation
results are evaluated using TPR and PPV in the same manner reported by Geremia et al.
[13] who provides results for segmenting the training datasets. Table 4-9 shows a
comparison between the proposed technique, Geremia et al. [13] and Souplet et al. [43]
(the best result in the MS Lesion Segmentation Challenge at that time). The value marked

in bold is the best metric value obtained.
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TPR PPV
Souplet  Geremia Proposed Souplet Geremia Propose
Study Case et al. et al. M F;h q et al. et al. d
2008 2010 [e7 6]0 2008 2010  Method
[77] [13] [77] [13] [76]
CHB_train €250 022 049 0.73 041 064 048
CHB_ i Case0 | 018 044 0.02 029 063 056
CHBtram Case0 | 017 o2 0.14 021 057  0.06
CHB_train_CaseO 012 031 0.48 0.55 0.78 0.04
CHBtraim Case0 | 020 04 0.44 042 052 010
CHBtrain Case0 |13 02 0.15 046 052 042
CHB_tra71n_Case0 0.13 0.4 0.29 0.39 0.54 0.54
CHB—traén—Caseo 0.13 046 0.76 0.55 065 047
CHBtram Case0 | 003 023 0.18 018 028 009
CHB_tra(;n_Casel 0.05 0.23 0.38 0.18 0.39 0.43
Table 4-9 : Comparison of the proposed method segmentation results with state of the art
methods.

MS Lesion Segmentation Challenge Testing Set Data

After testing the technique with the available datasets that contain the ground truth, the
test cases provided by MS Lesion Segmentation Challenge are segmented using the
proposed method with the CHB test cases segmented using the Engine CHB and the
UNC test cases segmented using Engine UNC for the purpose of comparison and

competition with other competitors have done the same. The segmentation of the test
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cases were uploaded to the MS Lesion Segmentation Challenge to get the automatic
evaluation of the segmentation with team name (UM-ECE team) and the results were
posted and can be accessed from the official MS Lesion Segmentation Challenge results
section[78]. A snapshot of results is depicted in Figure 4-26 with the performance metrics
used explained in subsection 2.5.4. Currently, the proposed technique segmentation score
is included in the best ten scores knowing that the proposed technique is the only
technique that was tested using 31 test cases where the others were tested using only 25

test cases.

Ground Truth UNC Rater CHE Rater
All Dataset Volume Diff. | Avg. Dist. |True Pos.| False Pos. |Volume Diff.| Awvg. Dist. |True Pos.| False Pos. |Total
(%] Score| [mm] Score| [%] Score| [%] Score|  [%] Score| [mm] Score| [%] Score| [%] Score

UNC test] Case0l 66.2 90 147 7O 186 62| 636 T 506 93 101 79 (250 66| 318 90| T8
UNC test]l Case02| -1.0 0 -1.0 01-1.0 0] -10 0 -1.0 0 -1.0 0]-1.0 0] -1.0 0 0
UNC test] Case03| 553 92 38 02 (162 61260 94| 423 94 3.2 093 (191 62| 120 100| =6
UNC test]l Case04) 1000 85| 1280 000 51| 00 100 10000 85| 1280 0] 00 51| 0.0 100 59
UNC test]l Case03) 86.0 8T 1L.7Y 76 (19.0 62| 312 91| 683 90 03 Bl (304 69| 375 BT =0
UNC test] Case0f| 99.9 85 0.7 0] 00 51 (1000 49| 995 85 82.0 0] 00 51 (1000 49 46
UNC test] Case07| 96.2 86 280 42|33 53| 200 97| 911 8T 209 57 |10.0 57| 200 97| T2
UNC test] Case0§| 448 93 96 80 ([19.1 62| 533 717 98 99 6.0 88 556 83| 46.7 81| &3
UNC test]l Case09] 2562 62 48.2 1|00 51|1000 49| 402.6 41 53.4 0] 00 51 (1000 49| 38
UNC test]l Casel0] 1000 85| 128.0 000 51| 00 100 1000 85| 1280 000 51| 00 100( 59
UNC test]l Casell 98.2 86 153 68 | 32 53| 250 94| 984 56 132 73|48 54| 00 100 77
UNC test]l Casel2| 1000 85| 1280 000 51| 00 100 100.00 85| 1280 000 51| 0.0 100( 59
UNC test]l Caseld] 1435 79 263 40| 0.0 51 (1000 49| 1539 77 16.1 67 333 70| 833 59| 62
UNC test]l Caseld| 1033 85 106 78 (444 77| 647 70| 1134 83 152 69 250 66| 824 60| 73
CHB testl Case01| 243.7 64 21 83 [453 77| 780 62| 30910 43 105 T8 |7T74 95| 839 59| 70
CHB testl Case02| 4451 35 96 B0(77.3 05| 927 53| 1323 81 4.4 91 (842 99| 8BT.6 56| T4
CHB test1 Caze03] 112.0 84 15.0 69 [50.0 80| 935 53 2.4 100 126 74 [53.3 82| 919 54| T4
CHB test1 Case04 802 88 190 61 273 67| 765 63| 905 &7 242 50 |16.7 61| T6.5 63| 68
CHB test1 Case05|11422.6 0 1T4 64 (TD4 91| 985 50 |2085.8 0 1.8 76 |T8.3 96| 978 &0 | 53
CHE testl Case06| 173.6 75 36 93 (750 94| 969 51| 1859 73 38 092455 TT| 983 S0 TS
CHB testl Case07| 140.2 79 TT B4 LT TH| TAD 64 46.1 93 28 84 500 8O 500 T 81
CHB test1 CaseD8 19.7 97 204 588|185 62| Tl4 66| 46.2 93 21.4 56 |11.8 58| 66.7 60| 70
CHB test] Case09| 7758 0 49 90 [80.5 O7| 844 58| 6386 6 4.4 91 [67.3 90| B6.T 57| 61
CHB testl Casel0| T7T54.2 0 102 79 654 90| 901 55| 317.7 53 36 93690 91772 63| 65
CHB test1 Casell| 1120.7 0 140 71 568 84| 960 51| 2047 57 7.6 B4 (51T 81| 920 54| 60
CHB test1 Casel2 324 95 29 94 [27.7 67| 607 T3 | 32T 95 3.0 94 (282 68| 692 65| &2
CHB test1 Casel3 128 98 58 88400 T4| 593 T4 466 93 33 93 (286 65| T4 100 86
CHB test1 Casel5| 337.4 51 45 91 [83.6 99| 903 55| 4T6.8 30 5.6 89 (93.6 100 951 52| TI
CHB testl Casel6 628 91 6.0 885 (225 64| 500 79| 65.0 90 4.1 92 400 T4 472 81| &2
CHB testl Casel7| 123.0 82 T3 85321 TO| 58O T4 9.4 99 3.4 093|220 64| 438 83| 51
CHB testl Casel8 TLG 90 625 0|00 51)100.0 49 74 99 588 0|00 511000 49| 49
All Average 057.3 69 275 59 |30.3 67| 631 67| 2083 T4 257 63 |329 68| 575 TOD| 67
Al UNC 6.3 79 433 39| 88 53| 416 T4 1021 TR 437 43 |144 56| 366 TT| 62
All CHB 036.9 60 129 75 [48.1 79| 80.7 60| 286.6 70O 109 79 451 79| T48 64| T1

Figure 4-26: Snapshot of the results table generated automatically by the MS Lesion Segmentation Challenge
workshop evaluation software for the segmentation of the test cases.
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For the test done on the datasets obtained from MS Lesion Challenge, two engines were
trained namely Engine CHB and Engine UNC for the purpose of comparison and
competition with other competitors have done the same. However, having a unified

engine in clinical practice will provide better performance when dealing with other

subjects.
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Chapter 5
Customized MV-T-SVM for Lesions and
Tissues Detection in MRI

This chapter presents the enhancements developed to customize multi-sectional views
textural based SVM (pipeline 3) approach presented in the end of Chapter 4 to provide
optimized performance in segmentation of tissues and lesions in MRI. The proposed
technique is referred to as customized multi-sectional views textural based SVM (MV-T-

SVM).

In the customized MV-T-SVM, enhancements are needed to overcome the
limitations of the pipeline 3. First, pipeline 3 shows low performance when tested on
datasets with low TLL. Also, the technique does not take into consideration the anatomic
properties of the brain area that can be determined from the MNI atlas and thus using the
probability based on statistics of having MS lesion in a specific area. Lesion regions
shape improvement in post-processing does not take the contouring properties into
consideration. The textural features are based on FLAIR sequence and does not benefit
from the lesion pattern in the other sequences in multi-channels MRI. Performance of
using SVM to learn lesion properties is affected by imbalanced training set due to the
relative size of the lesion with respect to the normal brain tissues. Finally, using SVM to
learn lesion blocks properties within a slice does not benefit from the 3D information of

the MRI in learning.

125
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The enhancements involve benefiting from the tissues and lesions specific
information in the training and prediction phases of the classifier. The customized MV-T-
SVM uses 3D nature of the MRI information, template tissue information provided for
images which are registered to an anatomical atlas as well as textural information from
the multi-channels images. Also, SVM learning procedure is revised to address
imbalanced classes and to synchronize the learning of the three views engines. In
addition, the multi-views aggregate function is replaced by variable aggregate operator

instead of the naive Bayesian formula.

Although the customizations made in the MV-T-SVM are made to enable the
technique to best deal with all tissues and lesions detection in MRI, but the concept is
mainly applied on MS-Lesions which is the core of this dissertation without loss of
generality. The twenty real subjects’ datasets provided by MS Lesion Challenge are used
to train, get statistics, priors, criteria, and thresholds of the customized MV-T-SVM while
the ten real subjects’ datasets acquired at University of Miami are used for testing the
technique. The ability of the customized MV-T-SVM to deal with other tissues and
lesions detection is tested using the publicly available datasets in the CAUSEQ7 challenge

[79] which aim to get best performance in detection of caudate.

5.1 Statistical Textural Features in Multi-Channels Images

The statistical textural features used in the three segmentation pipelines introduced in
Chapter 4 are extracted from FLAIR images. These textural features extraction formulas
are provided in section 2.4. Changes proposed in features extraction to benefit from the

multi-channels information are mentioned in this section.
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We assume that the medical (brain) image is available in L channels and that
features are calculated for each square block of area w”. The intensity of each image
channel k is given by fi(x,y,z) of three space variables x, y, and z and the function f can
take any value i=0,1,.... (G -1) where G is the number of intensity levels in the image
channel k. For simplicity the dimension z is neglected in the formulas given that the

textural features are extracted for a slice in certain section view which leads to constant z.

In the following subsections, the updates proposed to the definitions of textural

features provided in section 2.4 are explained to each category of features.

5.1.1 Multi-Channels Histogram based Features

This category of textural features was updated to be extracted from all channels instead of
single channel. The intensity level histogram is a function hy(i) providing, for each
intensity level i, the number of pixels in the whole square block having this intensity in

the image channel k:

w—1 w—1 1, P s
B (i)=Y 8(f (x,3),0);6(, j) ={ s (5-1)

x=0 y=0 07 ] #1

The histogram is a concise and simple summary of the statistical information contained in
the image. Dividing the histogram hy(i) by the total number of pixels in the image

provides the approximate probability density of the occurrence of the intensity levels

px(i), given by:

p, (i) =h,(i)/ NM (5-2)
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The following set of textural features is calculated from the normalized histogram for

each image channel for a certain square block:

G-1

Mean: y, = Zipk (@) (5-3)

=0

G-1 5-4
Variance: O'k2 = Z(i—ﬂ)zpk () oY
=0

5.1.2 Multi-Channels Gradient based Features
This category of textural features was updated to take the neighboring slices and the other

channels into consideration.

The gradient matrix element g(x,y) is defined for each pixel in the image square block

based on the neighborhood size. For a 3x3x3 pixels neighborhood, g is defined as

follows:

L
Ax = Z|ﬁ€(x—1’yaz)_f}c(x+layaz)|
k=1
L
A, =Sy =12~ fix y+1,2) (5-5)
k=1

A =D fiy,z=D) = fi(x, p, 2 +1)
k=1

g(x, 1) =JA +A +A]
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The following set of textural features is calculated from the updated gradient matrix:

w=1 w—1

Mean of absolute gradient (GrMean) = —ZZ z g(x,y) (5-6)
x=0 y=0
. : . 1 &8 ) (5-7)
Variance of absolute gradient (GrVariance) = —- Z Z (g(x,y)—GrMean)
x=0 y=0

5.1.3 Multi-Channels Run length matrix based Features

The run length matrix is defined for a specific direction. Usually a matrix is calculated for
the horizontal, vertical, 45", and 135  directions. The matrix element r(i,j) is originally

defined as the number of times there is a run of length j having gray level i.
We made the following changes to the definition of Run length matrix:

e For a certain image channel k, the Gray levels Gy are divided into Ry ranges (Each
range covers Gi/ Ry gray levels).

e A pixel in a block can fall in ranges Rj, Ry, .... Rr. These ranges for a single pixel
are defined as a gray level range intersection.

e The number of possible gray level ranges intersections R is given by:

R = Hk:l Rk (5_8)

e The matrix element 1(i,j) is defined as the number of times there is a run of length

j falling in the gray level intersection i.

The following set of textural features calculated from the multi-channels run length

matrix is used in the feature vector of customized MV-T-SVM:
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RN, (5-9)
Multi-channels Gray level non-uniformity (GLevNonUni) = (Z (Z r(i, ))*)/C

=0 j=l

Multi-channels Run length non-uniformity (RLNonUni)
N, R ) (5-10)

= Q. r@n/C
j=1 =0
where the normalization coefficient C is defined as follows:

(5-11)

M-

-3

1

r(i, )

R
=0

1

~.
I

5.1.4 Multi-Channels Co-occurrence matrices based Features

The co-occurrence matrix is defined for certain angle 6 and certain distance d. The matrix
element hge(i,j) is the number of times f(x1,y1) =1 and f(x2,y2) = j where (x2,y2)=(x1,y1)

+ (d cos 0, d sin 0).

Instead of extracting features for each square block based on a co-occurrence matrix for
single channel image, we calculated a co-occurrence matrix for each channel
C0O,CO,,....COL and modified the formulas of textural extraction to use all of the

matrices.

The following set of textural features calculated from the multi-channels co-occurrence

matrices are used in the feature vector of customized MV-T-SVM:

(5-12)

—_

Multi-channels Absolute Value = i[g i |i - j| (Co, (i, j))zj

k=1 \_i=0 j=0
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L (G-1G- 1 (5-13)
Multi-channels Contrast = z (Co (A N)’
k=1 \_i=0 /:o
L (G N, (5-14)
Multi-channels Entropy = - Z ZCO(i . J) logz (co,(i, J))
k=1 \_i=0 j=1

5.2 Regional Segmentation

The MNI atlas provides anatomical labels for each voxel in the brain as demonstrated in
Figure 5-1 with each anatomical label is represented by a unique color. Since the datasets
used in this dissertation are already registered to this atlas, the anatomical information

can be used to enhance the proposed technique to get more accurate results.

Figure 5-1: Atlas Discrete Labels for a brain slice.

Applying statistical analysis on the ground truth of the real subjects’ datasets
provided by MS Lesion Challenge using the anatomical labels atlas; results in the
distribution of MS voxels in different regions of the brain as shown in Figure 5-2. Most

of the MS lesions (66%) occur in the White Matter tissue, which is the highest rate of M'S
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lesions voxels among all labels. (In Figure 5-2, White Matter is removed from the chart

to avoid dominating the other percentages).

Some brain regions have high percent of MS lesions voxels. Other regions of the
brain have no MS voxels and this is logical due to the anatomical properties of these
regions which are not vulnerable to such type of lesions. On the other hand, some brain
regions have non-zero percentage of MS voxels although the anatomical structure cannot
hold such lesions but the MS lesions can occur in the adjacent tissues while the atlas

provides wrong label due to errors in the registration.
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Figure 5-2: Distribution of MS lesion on the brain regions according to analysis made on training dataset
registered to MNI atlas.

We used this percent as the likelihood P(Tissue(v)|MS;) where Tissue(v) is the
label assigned to voxel v using the MNI atlas. Using the naive Bayesian decision rule, the
posterior P(MS;|Tissue(v)) can be calculate based on the likelihood obtained from the
statistical analysis on the twenty real subjects. Assuming two-class problem with the

classes MS; (lesion voxel) and MS,, (healthy voxel), the posterior is given by:
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P(MS;).P(Tissue(v)|MS,) (5-15)
P(MS,).P(Tissue(v)|MS;) + P(MS,). P(Tissue(v)|MS,)

P(MS;|Tissue(v)) =

By calculating posterior for all tissues, we get P(MS;|Tissue(v)) as shown in Figure 5-3.
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Figure 5-3: Calculated posterior based on the anatomical tissues likelihood.

Errors in registration are expected due to difference in brain sizes and difference
in region sizes from subject to another, we do not base the classification directly on the
calculated posterior but it is used as a threshold in the aggregation step in the customized

MV-T-SVM as presented later in this chapter.
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5.3 MS Lesion Customized Learning Engine

In this section modification are proposed to update the learning of the classification
engine to be customized to the MS lesions problem. The purpose from the first
modification is to enhance the integration between the three sectional views classification
engines. The other modification is done to overcome the imbalanced data effect on

learning.

5.3.1 Overlapping Learning of the Multi-Views SVM’s

In multi-sectional views pipeline explained in Chapter 4, the three SVM engines are
trained independently using the training set obtained by dividing the slices of the
corresponding views into blocks with the texture features of each block are mainly used
to create a feature vector and the class assigned to each block is either MS-block or non-

MS block.

In the aggregation step after the three views segmentation, the variable X,
assigned to each voxel v can take the discrete values X, X;, X, or X3 which indicates
being classified as MS voxel either 0, 1, 2 or 3 times in the different views segmentations
respectively. The value assigned to X, highly affects the inclusion of the voxel v to the
aggregate set G. The worst case classification occur when the true class of the voxel is
negative while X,=3 (worst case false positive) and similarly when the true class of the
voxel is positive while X,=0 (worst case false negative). The reason of considering these
cases as worst case scenario is the difficulty of recovering the error with later steps in the
segmentation framework due to the misguiding voting resulting from the three views

segmentation.
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The proposed modification to the learning scheme aims to minimize the number
of times that the three views classification engines result in misguided voting (False
positive with X,= X3 or False negative with X,= X,). We will refer to this count as

Misguiding Voting Error (MVE).

According to our approach in pipeline 3, the three sectional-views engines were
trained to classify square blocks of area d” pixels. In the training phase, no information
about the single pixel was considered. The geometrical intersection from 3 blocks from 3

different views results in a single voxel.

Initially, assuming that the sagittal and coronal SVM were trained, the current
activity will be training the axial SVM to accurately classify block of axial slices while
minimizing the misguiding voting error (MVE). Assuming that the two intersecting
blocks S and C from sagittal and coronal slices respectively were classified by the
corresponding two SVM'’s, the intersection of these two blocks generates a line SC as
shown in Figure 5-4. According to multi-view segmentation, before axial SVM
classification, X, of each voxel of the line SC may be assigned a value from Xy, X, or X,

according to the other two views segmentation.

Line (SC)

Sagitta| Block (S)

N/

1
Coronal Block (C)

Figure 5-4: Line SC resulting from intersection of Sagittal Block (S) and Coronal Block (C).
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When axial blocks of axial slices intersecting with the line SC are classified by
the corresponding SVM, the variable X, corresponding to the intersection voxel v may be
incremented to the higher discrete level or remains the same according to the class

assigned to the axial block.

The decision taken for the axial block by the axial classifier is taken based on the
engine trained by the features vector extracted per block. It is required to bias the axial
classifier to classify the axial block that intersects with the line SC in a way that
minimizes MVE. For the block that intersects with SC in a voxel v, if the current X, = X,
while the ground truth of this specific voxel is non-MS, then it is required from axial
classifier to classify the axial block as non-MS block to avoid having X, = X3 for non-
MS voxel. Similarly, for the block that intersects with SC in a voxel v, if the current X, =
Xo while the ground truth of this specific voxel is MS, then it is required from axial
classifier to classify the axial block as MS block to avoid having X, = X, for MS voxel.

This can be represented by the variable Bias, given by the following equation:

+1, GT(v) =1&X, =X, (5-16)
Bias, ={—-1, GT(v)=0&X,=1X,
0, otherwise

where GT(v) is the ground truth of the voxel v. This variable indicates the bias required
to be taken into consideration in the remaining view segmentation based on the current

X, resulting from segmentation from the other two views.
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For axial block i composed of d* pixels, each of these pixels should be taken into

consideration to minimize the overall MVE.

To train the axial classifier, taking into consideration the sagittal and coronal
classifier, the subject training dataset is segmented first by the trained sagittal and coronal

dataset.

The effect of segmentation of pixels of the block i using the other segmentation
engines can be represented by Bias Count Modifier variable (BCM;) which can be

calculated by:

BCM; = Sign(Z Bias,) G-17)

Vel

This variable will be positive if majority of voxels of the block are biasing the block class
to vote as positive to rescue them from having X,=X, while they are positive. Similarly,
BCM; will be negative if majority of voxels of the block are biasing the block class to
vote as negative to rescue them from having X,=X; while they are negative. The variable
will be zero if all voxels are not in the critical situation or it is balanced biasing where the

number of voxels biasing to positive equals the number of voxels biasing to negative.

When the subject dataset is used to train the axial SVM, each axial block 1 having
feature vector x;, the ground truth class of the block y; is originally has value 1 (MS-block
or contains at least 1 MS pixel) or -1 (non-MS or contains non-MS pixel). To minimize

MVE, the block class y; need to be updated according to the following formula:

y; = sign(y; + 2BCM;) (5-18)
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According to (5-18), if BCM,; is zero, the block class y; will remain the same, while the
class block will be biased to +1 if BCM,; is positive and similarly it will be biased to -1 if

BCM,; is negative whatever the original y;.

After training the axial sectional view SVM, a new iteration of learning is performed
to modify the coronal sectional view SVM to minimize MVE based on results of
segmentation of the training set by the axial SVM and sagittal SVM considering the
individual voxels ground truth. The same will be done to update the sagittal view SVM
based on the other two sectional views classifier. More training iterations can be made
and derivations to stopping condition can be done, but the time complexity of the

processing will be infeasible; thus we recommend using fixed number of iterations.

Modes of learning

In order to provide the axial SVM with trained sagittal SVM and coronal SVM, the last
two engines should be trained in non-overlapping learning mode while the axial engine is
trained in overlapping mode. The overall learning of MV-T-SVM is overlapping scheme

but the individual engines should support the two modes of learning.

In non-overlapping learning, the input training entries are pairs (X;y;) where x; is the
feature vector of the block in the corresponding sectional view and y; is the class of the
block which is either MS block(class +1) if at least one pixel is MS in ground truth and
non-MS block (class -1) if all pixels are non-MS in ground truth. In the non-overlapping

learning process, y; is never modified.

In overlapping learning, the input training entries are composed of three groups:
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e Pairs (x;yi) where x; is the feature vector of the block in the corresponding
sectional view and yj is the class of the block which is either MS block(class +1)
if at least one pixel is MS in ground truth and non-MS block (class -1) if all pixels
are non-MS in ground truth.

e The class of the individual pixels of each block entry provided from the ground
truth of the subject dataset.

e The segmentation result of the training subject dataset using the other two

sectional views’ engines.
In the overlapping learning process, y; is modified using equation (5-18).

5.3.2 Dealing with Imbalanced Data

Customization of the learning scheme to best fit the MS lesion detection includes dealing
with the imbalanced data problem. In lesion or tissue detection, the positive class is
always much less than the negative class which represents healthy voxels (in case of
lesion detection) or the remaining of the organ (in case of tissue detection). We used the
recommendation of the libsvm authors to use two different penalty parameters in the
SVM formulation. Thus the formulation of the optimization problem of the SVM given in

equation (2-31) is updated to the following equation:

1 5-19
minimize,, j E”W”Z +Ct 2 g+C~ 2 & (5-19)
yim—1

yi=1

subject to: y,(WTX; +b) =1—¢;, & =0,i=1,...,n
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The learning of each SVM is updated to solve the optimization problem (5-19) instead of

single penalty parameter problem (2-31).

5.4 Rule based Multi-Sectional Views Aggregate function

The aggregate function used in multi-sectional views pipeline (pipeline 3) uses the
threshold function defined in equation (4-9) that is based on the posterior P(MS;|X,)
calculated using the naive Bayesian decision rule in equation (4-7). More customization
is made to the multi-sectional views segmentation technique by updating the aggregate

function.

The updates proposed to the aggregate function aim to deal with the following problems:

1. Minimize the false positive in case of low TLL subjects which dominate the
segmentation performance.
2. Take in consideration the posterior probability of MS lesion region based on brain

anatomical region given by equation (5-15)

In case of subjects of low TLL, the low performance of the segmentation is mainly
because the effect of false positives that dominate the true positive voxels. Although
similar rate of false positive occurs with segmentation of high TLL but the domination of
true positive results in good performance in terms of dice similarity. According to tests
made on the training sets, the segmentation performance of the low TLL subjects was
improved by at least 10% in terms of dice similarity when the AND operator is applied

on the three segmentation sets A, B, and C.
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An estimate of the total lesion load (TLL) can be determined before applying the
aggregate function by taking the average of the number of voxels segmented as MS

voxels in the three segmentation sets A,B, and C.

The aggregate function of customized MV-T-SVM depends on the posterior
P(MS,|X,), the posterior P(MS;|Tissue(v)) and estimate of TLL of the dataset to be
segmented. Each of the three factors is compared to thresholds specific for each
parameter to enable rule based decision. P(MS;|X,) thresholds are PXyy (very high),
PXVy (high) and PXyp (very low). Similarly, P(MS;|Tissue(v)) thresholds are PTyy

(very high) and PTvyy (very low). The average TLL threshold is TLLy (very low).

The new aggregate function is given by the rule based function listed in Figure 5-5.
Rule 1 makes the aggregate function include the voxel v in the aggregate set G only if the
posterior P(MS;|X,) is very high in case of low TLL or in case of voxels falling in brain
regions that has very low posterior P(MS;|Tissue(v)). Rule 2 makes the aggregate
function include the voxel in the aggregate set G only if the posterior P(MS;|Tissue(v)) is
very high in cases of low P(MS;|X,) . The goal of this rule is to give opportunity to
voxels appearing in only one sectional view segmentation to be added to the aggregate set
if its posterior probability based on registered tissue is highly to have MS lesion. Rule 3

is to apply the same rule proposed in equation (4-9) in the common cases.
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For each voxel v:

1. If (TLLayerage < TLLyp)or ( P(MSy|Tissue(v)) < PTyy, ) then

G={v| P(MS|X,) > PXyy }

2. Elseif (PXVL < P(MSl|XV) < PXH) then

G={v | MS,|Tissue(v) > PTyy }

3. Else

G:{V | P(MS]|XV) > PXy }

End If

Figure 5-5: Rule based Multi-View Aggregate Function.

5.5 Automatic Contouring Algorithm

According to our approach in generating the final segmentation of the MS lesions of the
subject test case, the connected pixels are grouped and form a lesion region. Due to the
square block based segmentation in all sectional views, the lesion region contour is not
smooth in most case but forms staircase contour with some random lines outing from the

lesion region due to multi-view aggregation.

We propose a contouring module to improve the shape of the resulting lesion

regions. The purpose of the contouring module other than having smoother lesion region
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is also to trim extra segmented pixels (false positives) on the lesion region boundary and

to recover missing pixels adjacent to the lesion region boundary (false negatives).

The proposed contouring algorithm determines for each lesion region three basic
contours. The first is the initial contour which is the boundary of the lesion region in the
aggregate segmentation. The second contour is the smallest possible contour which is the
boundary of the lesion region resulting from applying AND operator on the three views
segmentation. The third contour is the largest possible contour which is the boundary of
the lesion region resulting from applying OR operator on the three views segmentation.

The determination of the basic contours for a lesion region is illustrated in Figure 5-6.

The contouring algorithm processes the initial contour pixels. The processing results in
reformation of the initial contour without crossing the smallest contour to the interior
when shrinking and without crossing the largest contour to the exterior when expanding.

The pseudocode of the proposed contouring algorithm is listed in Figure 5-7.

The routines BoundaryTest(b,M1,M2) compares the grayscale of the pixel b with
the region mean (M1) and the neighborhood mean(M2). It takes decision of Keep if
grayscale of b is suitable to be boundary between M1 and M2. BoundaryTest takes
decision Grow when b is closer to M2 than M1 which means that b should be exterior
pixel. BoundaryTest takes decision Shrink when b is closer to M1 and also M2 is close to

M1 which means that b should be an interior pixels.
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Figure 5-6: Multi-Views segmentations (A, B and C) sand Basic Contours determination.

The routine StopRegion represents the stopping condition and it stops when no

longer formation is possible to the boundary of the lesion region without crossing the I,

or Imax.

The efficient application of the contouring algorithm results in minimizing the

false positive and false negative pixels on the boundary of the lesion regions. Besides, it

gives clinic-friendly output. An example of the output of applying the contouring

algorithm on a sample slice is shown in Figure 5-8.
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For each slice:
1 Label the lesion regions from the connected MS-Pixels i the multi-views’
segmentation A.B and C and in the aggregate segmentation G.
2 For each lesion region:
2.1 Determine the Initial Contour Lisa, Tuin and Ty
2.1.1  Ia= Boundary (Lesion Region in G)
2.1.2 Iy, =Boundary (Lesion Region in A AND B AND
0)
2.1.3  Tpw—= Boundary (Lesion Region in A OR B OR C)
2.2 Calculate the mean GS of the lesion region(G) in FLAIR: M1
2.3 Calculate the mean GS of the neighborhood of the lesion region(G)
m FLATR: M2
2.4 Form a linked list of the boundary pixels of L.
2.5 For each consecutive pixels a, b and ¢ in the linked list of Ty
2.5.1 if BoundaryTest(b,M1,M2) is Keep then
25.1.1 Keepb
2.5.2 Else if BoundaryTest(b,M1,M2) is Shrink then
2.5.2.1 Select an internal pixel d from the lesion
region that can connect a and ¢ to be a
boundary pixel
2.5.2.2 If d is outside the smallest contour then
25221 Replace b with d
25222 Remove b from lesion
region

End If

2.5.3 Else if BoundaryTest(b,M1,M2) is Grow then
2.5.3.1 Select an external pixel d from the lesion
region that can connect a and ¢ to be a
boundary pixel
2.5.3.2 If d is inside the largest contour then
25321 Add d to lesion region
25322 Replace b with d

End If
End if

2.6 Repeat step 2.4 until StopRegion(lesion region) is true
2.7 Mark the holes i the Ig,, as MS pixel based on Lesion Continuity
Concept.

Figure 5-7: Proposed Lesion Region Contouring Algorithm.
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Figure 5-8: MS Lesion boundary generated by the proposed automatic contouring algorithm.

5.6 Experimental Results

In this section the segmentation performance of customized MV-T-SVM is evaluated.
The twenty real datasets of the MS Lesion Segmentation Challenge were used for
training and setting the thresholds while the ten real datasets acquired at University of
Miami (UM datasets) were used for testing. To test the ability of the technique to be
generalized to do other tissues segmentation, the caudate segmentation was tested using

MV-T-SVM with settings updated to match the dataset settings.

5.6.1 MS Lesions Segmentation
The effect of the enhancements applied to pipeline 3 to have the customized MV-T-SVM

segmentation framework was evaluated through the testing of UM datasets. First, the
overlapping learning scheme of the three SVM engines was evaluated by analysis of its
effect on P(X,| MS;) and P(X,| MSy) as a measure of minimizing the MVE. In Figure 5-9
(a), the P(Xo| MS;) is reduced which reduces misguiding voting in multi-view
segmentation that results in reporting an MS voxel as non-MS in all views. Similarly, In
Figure 5-9 (b), the P(X3| MSy) is reduced which reduces misguiding voting in multi-view

segmentation that results in reporting an non-MS voxel as MS voxel in all views. In
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Figure 5-9 (b), the P(Xo| MSy) is removed from the chart because of its very large value

(most voxels are healthy and segmented as healthy) to avoid dominating the other values.

Second, the effect of replacing the single channel based textural features with the
proposed multi-channels textural based features was evaluated by drawing the ROC
curve for the axial views segmentation SVM and comparing it with the ROC curve drawn
before in section 4.8.1. In Figure 5-10, the comparison between customized MV-T-SVM
and pipeline 3 shows the improvement of using the proposed multi-channels textural

features on the blocks classification performance.
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Figure 5-9: Effect of overlapping learning of three views engines on MVE.

(a) P(X,|MS)) and (b) P(X,| MS,).
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Figure 5-10: Effect of using multi-channels textural features on the ROC curve compared with Pipeline 3.

Third, the effect of applying the proposed contouring algorithm on the aggregate

segmentation lesion region was evaluated quantitatively by measuring the amount of

false positive voxels removed from boundary versus the false negative voxels added

when the contouring algorithm results in shrinking of the lesion region. Also evaluation

involves measuring the amount of false negative voxels removed from boundary versus

the false positive voxels added when the contouring algorithm results in growing the

lesion region. The effect of contouring algorithm on the lesion region boundary is shown

in Figure 5-11. The y-axis percentage is the percentage of the total number of voxels

removed or added to the total areas of lesion regions. For shrinking function, the

percentage of false positive voxels removed from boundary is 20% versus 5% of false

negative voxels added. For growing function, the percentage of false negative voxels

recovered is 7% versus 2% of false positive voxels added.
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Figure 5-11: Effect of contouring algorithm on lesion region boundary voxels.

The segmentation of the ten real subjects acquired at University of Miami using
customized MV-T-SVM was evaluated by measuring the dice similarity in comparison
with the previous measure done using the pipeline 3. Figure 5-12 shows the result and
comparison. Better result is obtained for most of studies with average 9%. The effect of

low TLL on the performance is reduced.
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Figure 5-12: Segmentation results of UM datasets using customized MV-T-SVM versus pipeline 3.
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5.6.2 Caudate Segmentation
In this section, we test the MV-T-SVM in segmentation of a context other than the MS
lesions. The datasets publicly available on CAUSEQ7 were used to test the performance
of using MV-T-SVM to segment the caudate nucleus. CAUSEOQ7 is a competition that
was held as part of the workshop 3D Segmentation in the Clinic. The goal of this
competition was to compare different algorithms to segment the caudate nucleus from

brain MRI scans. The ideal segmentation of caudate is shown in Figure 5-13.

Figure 5-13: Caudate segmentation.
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Dataset

The caudate data consisted of a total of 15 training datasets from healthy controls and
subjects in a Schizoptypal Personality Disorder (SPD) study provided by Psychiatry
Neuroimaging Laboratory at the Brigham and Women’s Hospital, Boston. The datasets
are referred in results with notation (BWH_PNL XX MRI RAI) with XX is replaced by
two digits integer from 01 to 15. Caudate manual segmentation protocols often differ in
regard to the exact separation of caudate to the nucleus accumbens anteriorly and the
level of inclusion of the vanishing tail posteriorly. Such variability in caudate definition is

common place and part of clinical routine when comparing studies.

All datasets were scanned with an Inversion Recovery Prepped Spoiled Grass
sequence on a variety of scanners (GE, Siemens, Philips, all 1.5 Tesla). Some data sets
were acquired in axial direction, others in coronal direction. All data sets were re-oriented
to axial orientation, but were not aligned in any fashion. The resolution of the datasets is

at 0.9375 x 0.9375 x 1.5 mm.

Multi-sectional Views Segmentation

In order to apply MV-T-SVM to segment the caudate, the following settings are set to

match the input dataset properties:

e Intensity correction is enabled

e Registration is disabled

e Textural Features : Single Channel
e Block size is set 4mm x 4mm

e Atlas prior features and Atlas Tissue based posteriors are disabled
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e Contouring algorithm is enabled

As shown in Figure 5-14, the pair of caudate may be visualized and hence segmented
from a single axial or coronal sectional view where they are separated in sagittal view. In
our testing, the segmentation is done through separating the right and left half of the

brains and then result segmentations are added up to result in the final segmentation.

Results on the training datasets

In training, the BWH_PNL 01 MRI RAI and BWH PNL 02 MRI RAI were used in
training while all of the 15 datasets were used in segmentation. The result of
segmentation is given in Table 5-1. The segmentation performance is evaluated using the
dice similarity metric for the left and right nucleus separately and the total segmentation
dice similarity is given. The average dice similarity values for left and right halves
segmentation are 0.67 and 0.68 which is a good result for using segmentation framework
mainly designed for MS segmentation for segmenting other parts in brain. Better results
can be achieved if multi-channels images are provided and if features are customized for

caudate segmentation.
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Figure 5-14: Caudate analysis using multi-views segmentation.
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Dice Similarity

Study Left Right Total
BWH_PNL_01_MRI_RAI 0.84 0.82 0.83
BWH_PNL_02_MRI_RA 0.8 0.79 0.795
BWH_PNL_03_MRI_RA 0.71 0.73 0.72
BWH_PNL_04_MRI_RA 0.63 0.67 0.65
BWH_PNL_05_MRI_RA 0.65 0.62 0.635
BWH_PNL_06_MRI_RA 0.45 0.51 0.48
BWH_PNL_07_MRI_RA 0.62 0.63 0.625
BWH_PNL_08_MRI_RA 0.69 0.71 0.7
BWH_PNL_09_MRI_RA 0.74 0.73 0.735
BWH_PNL_10_MRI_RA 0.65 0.68 0.665
BWH_PNL_11_MRI_RA 0.32 0.27 0.295
BWH_PNL_12_MRI_RA 0.83 0.86 0.845
BWH_PNL_13_MRI_RA 0.73 0.78 0.755
BWH_PNL_14_MRI_RA 0.64 0.63 0.635
BWH_PNL_15_MRI_RAl 0.7 0.71 0.705

Average 0.67 0.68 0.67

Table 5-1 : Segmentation Results — Segmenting Caudate from training subjects of

CAUSEOQ7.
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Chapter 6
Conclusion

6.1 Summary

In this dissertation, a set of segmentation frameworks is developed for the purpose of
automated classification of multiple sclerosis (MS) lesions in MRI. Specifically, three
pipelines are progressively developed to use the statistical texture as a feature vector and
the support vector machines (SVM) as a learning technique in the MS lesions
segmentation. We proposed two generic configurable components: a processing core
module that locates the areas in the brain that potentially forms MS lesions and a post-
processing module that adds or removes from these areas to have more accurate
segmentations. Based on these configurable modules, single view segmentation and
multi-sectional views segmentation pipelines are proposed. The single view segmentation
pipeline has two versions: FLAIR channel (pipeline 1) and multi-channels MRI (FLAIR /
T1 / T2 / PD) inputs (pipeline 2). Multi-Sectional views segmentation pipeline takes
multi-channels MRI (FLAIR / T1 / T2) inputs (pipeline 3). The single views pipelines
were evaluated on 10 real datasets. The multi-view pipeline was evaluated by 3 simulated
datasets and 61 real datasets. The segmentation average results were both good and

competitive.

The multi-sectional views pipeline (pipeline 3) is customized to solve limitations
found in the segmentation results and to make best use of the properties and nature of MS

lesion in MRI. These customizations and enhancements lead to development of the
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customized MV-T-SVM. In the customized MV-T-SVM involves the use of the
anatomical tissue provided by the MNI atlas in segmentation and the use of the proposed
textural features extracted from multi-channel images instead of single channel textural
features. Besides, the learning of the SVM of the different views is updated to be
overlapping learning scheme instead of non-overlapping learning. In the customized MV-
T-SVM, the aggregate function is rule based to differentiate between voxels classification
based on the brain anatomical region and the estimated total lesion load of the subject
dataset. A contouring algorithm is proposed and incorporated in MV-T-SVM to improve
the smoothness of lesion regions and to provide better performance quantitatively. The
customized MV-T-SVM was trained with 20 real datasets and tested with another 10 real
datasets. The proposed customization applied in this approach results in improvement of

the average segmentation performance.

The generality of the proposed segmentation framework is tested by applying the
technique with different settings on healthy datasets to segment the caudate. Good results

were obtained with minor changes in the segmentation technique.

6.2 Findings:

According to the obtained results for the three pipelines, we concluded a set of findings.
The proposed technique would be viable for use in clinical practice for the detection of
MS lesions in MRI. It provides good segmentation when tested with datasets acquired at
a source different from the source of training datasets with in terms of the acquisition
conditions. The textural based SVM (C; and C4) provides good coarse segmentation that

can be used as an initial step in any MS segmentation framework. Slice division into
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blocks enables the technique to benefit from the textural features (Cs) in detection of the
candidate lesion region without manually labeled ROIs. In the same time, slice division
into blocks makes the technique avoid voxel based learning which results in high rate of
false positives and scattered automatic MS lesions. Using overlapping blocks provide
more accurate segmentation with cost of computation time. It is only suitable for low-
resolution datasets. Basing the classifier on SVM (C4) as a machine learning technique
provides a robust classifier. Feature selection (C3) based on explicit use of human visible
features and trying to emulate expert non-intended features aid the technique to find
lesion areas that has high similarity (Dice similarity / Similarity Index) with the manually
labeled areas. Training the blocks classifier in such a way where all blocks that contains
at least 1 MS voxel are marked as MS-blocks aids that classifier to find that blocks that
are completely or partially are MS blocks. Using more sequences in MRI (Ci) improves
the performance of MS Segmentation. Using Tissues Probabilities based on the MNI
atlas (C2 and C3) improves the performance of MS Segmentation. The use of post-
processing module (Cs) that deals with higher level of lesion which the “MS Lesion
Region” provides more Clinic-friendly outputs as long the improvement in the numeric
metrics. The proposed post-processing module (Cs) is generic enough to be added to any
other segmentation framework to improve the quality of the segmentation output.
Performance evaluation (Cs) that adds metrics such as Dice Similarity for regions (DSr)
and Detected Lesion Load (DLL) ensures the clinically relevant performance. The multi-
view segmentation pipeline (C7) is suitable in cases of high resolution 3D Images that
provides Lesion Visibility from all sectional views and it adds to the accuracy of the final

segmentation.
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According to the obtained results for the customized MV-T-SVM, we concluded a
set of findings. Using rule based aggregate function allows improving the performance
when tested on datasets with low TLL without effect on datasets with high TLL. Also,
the rule based aggregate function reduces false positives in areas in anatomical regions
statistically have low likelihood to have MS lesions. Lesion regions shape improvement
using the proposed contouring algorithm (Cs) provides more Clinic-friendly outputs as
long the improvement in the numeric metrics even better than using the post-processing
modules used in pipeline 1 and pipeline 2. Using the proposed textural features (C3)
extracted from the multi-channels MRI provided better block segmentation. The
overlapping learning (Cs) of the three views classification engines improves the quality of

the aggregate segmentation in terms of voxel segmentation.

6.3 Future Work

More efforts are still needed to improve the proposed segmentation framework both in
performance and in functionality. In the following, we mention the work that can be

applied on the segmentation framework to provide more clinical relevant technique:

1. Textural based segmentation of 3D blocks instead of 2D blocks in multi-views
slices should be analyzed.

2. Analysis of using advanced texture models such as Marcov Random Fields
texture models [80] to represent the texture and study of the effect on
improvement the discrimination between healthy and MS lesion areas.

3. Intensity correction based on the anatomical region of the brain should be

analyzed.
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4. Analysis of using the Diffusion Tensor Imaging (DTI) for MS segmentation
and study the effect on the segmentation performance.

5. In order to provide better clinical relevant output, the monitoring of the MS
lesion volume, location and gray level over the time need to be incorporated
with the segmentation framework.

6. Study the ability of the segmentation technique to segment other lesions or
tissues in MRI or Computed Tomography (CT) scans. Specifically using MV-
T-SVM for liver tumor segmentation in MRI and vessels segmentation in

lungs is included in our current research activity.
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