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ABSTRACT

In spinal cord injury the amount of total surviving white matter is known to be strongly related 

to post injury neurological functions (1). Accurate segmentation of these regions is shown to be 

critical in terms of developing effective treatment (1). Diffusion Tensor Imaging (DTI) has been 

shown to be effective in obtaining spinal cord images (2). However challenges still exist in clear 

separation of  gray/white/cerebrospinal  fluid (CSF) structures within the cord using DTI. The 

purpose of this study is to (1) test a semi-automatic tissue segmentation algorithm based on 

grow cut algorithm (GCA), to classify CSF, gray and white matter in conventional T2 weighted 

MRI and Diffusion Tensor Imaging (DTI) images in pediatric spinal cord injury (SCI) subjects, and 

(2)  to  compare the results  of  semi-automatic  GCA segmentation with manually  segmented 

spinal  cord  data  performed  on  various  DTI  images  by  a  board  certified  pediatric 

neuroradiologist. Results show that semi-automatic segmentation of the spinal cord using GCA 

was successfully implemented. Qualitatively, good separation of cord/CSF was seen in B0, CFA 

and  FA  maps  (of  a  representative  patient  with  SCI  and  a  control  using  this  GCA  method. 

Quantitative analysis of images segmented using GCA and manual segmentation between and 

within  the  groups  showed  no  significant  differences  in  CFA  (p=0.1347)  and  FA  (p=0.1442) 

images but B0 (p=0.0001) images showed statistically significant differences. Overall, in both the 

controls and subjects with SCI, quantitative and qualitative analysis showed a superior semi-

automated segmentation on CFA and FA images over a B0 image the using modified GCA.    



Key  words:  Grow  Cut  Algorithm  (GCA),  Magnetic  Resonance  Imaging  (MRI),  segmentation, 
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ACKNOWLEDGEMENTS 

This thesis work wouldn’t have been successfully completed without the constant support of a 

number  of  people  and  I  would  like  to  express  my  sincere  gratitude  to  them  for  their 

spontaneous help and encouragement.

First  of  all,  I  would  like  to  thank  my  supervisor  Dr.  Feroze  Mohamed  for  his  continued 

encouragement  and  providing  me  the  opportunity  to  work  on  the  spinal  cord  MR  image 

segmentation.  Throughout  the  entire  project  period  his  depth  of  knowledge  on  the  topic, 

suggestions  for  continuous  improvement,  encouragement  and  supervision  helped  me  to 

conduct this research work productively. 

I would also like to thank Dr Scott Faro and Dr. Nancy Pleshko for assisting me out during the 

entire project period with various resources, constructive suggestions and ideas which helped 

me in a number of ways.

I am deeply thankful and want to express my honest appreciations to my dear friends Nadia 

and Devon who helped me time to time with problem solving, idea generation, and providing 

required project related information.  I  appreciate their  precious time, assistance and moral 

support.

Finally, my heartfelt thanks go to my parents and my brother for all their help and support over 

the years.



TABLE OF CONTENTS

ABSTRACT………………………………………………………………………………………………………………………………………………..I

ACKNOWLEDGEMENTS……………………………………………………………………………………………………………………………II

LIST OF FIGURES…………………………………………………………………………………………………………………………………….III

CHAPTER 1. INTRODUCTION……………………………………………………………………………………………………………………1

          1.1 Background………………………………………………………………………………………………………………………………1

          1.2 Problems and challenges of cord image segmentation……………………………………………………………..2

          1.3 Scopes and objectives of the thesis…………………………………………………………………………………………..5 

          1.4 Outline………………………………………………………………………………………………………………………………………5 

CHAPTER 3. HISTOLOGY OF SPINAL CORD

        2.1 Introduction………………………………………………………………………………………………………………………………..6

       2.2 Classification of tissue types………………………………………………………………………………………………………..6

       2.3 Grey Matter…………………………………………………………………………………………………………………………………8

       2.4 White Matter………………………………………………………………………………………………………………………………9

      2.5 T2 Weighted Imaging and Contrast……………………………………………………………………………………………10

      2.6 Diffusion Weighted Imaging and Contrast.............................................................................…......11

CHAPTER 2. BRIEF REVIEW OF SEGMENTATION METHODS……………………………………………………………………13 

         3.1 Mean shift………………………………………………………………………………………………………………………………13 



        3.2 Histogram thresholding…………………………………………………………………………………………………………….14 

         3.3 Region growing………………………………………………………………………………………………………………………..14 

         3.4 Edge based segmentation………………………………………………………………………………………………………..18 

         3.5 Graph cuts segmentation…………………………………………………………………………………………………………19 

         3.6 Fuzzy connectivity……………………………………………………………………………………………………………………19 

         3.7 Optimal single and multiple surface segmentation…………………………………………………………………..21 

CHAPTER 4. GROW CUT THEORY……………………………………………………………………………………………………………25 

        4.1 Grow cut image segmentation………………………………………………………………………………………………….27 

       4.2 Seed growing region segmentation algorithm……………………………………………………………………………29 

       4.3 Cellular automaton theory algorithm…………………………………………………………………………………………31 

CHAPTER 5. PIPELINE OF MRI SEGMENTATION OF SPINAL CORD…………………………………………………………..35 

CHAPTER 6. EXPERIMENTAL RESULTS…………………………………………………………………………………………………….38 

      6.1 Grow cut segmentation on both normal and patient subject SC…………………………………………………39 

      6.2 Comparative analysis of manual and grow cut segmentation……………………………………………………..42 

CHAPTER 6. DISCUSSIONS AND CONCLUSIONS………………………………………………………………………………………49 

      7.1 Discussions…………………………………………………………………………………………………………………………………49 

     7.2 Conclusions…………………………………………………………………………………………………………………………………49 

Bibliography…………………………………………………………………………………………………………………………………………..53 



LIST OF FIGURES

Figure 1. Histology of Spinal Cord…………………………………………………………………………………………….7

Figure 2. Histogram Thresholding…………………………………………………………………………………………….12

Figure 3. Seed growing region technique…………………………………………………………………………………21

Figure 4. Cellular Automata seeding technique………………………………………………………………………..24

Figure 5. T2 image segmentation of a normal subject: CSF segmentation………………………………..27

Figure 6. T2 image segmentation of a normal subject: Cord segmentation………………………………28

Figure 7. T2 image segmentation of a patient:  CSF segmentation……………………………………………29

Figure 8. T2 image segmentation of a patient:  GM and WM segmentation…………………………….30

Figure 9.T2 image segmentation of a patient:  GM segmentation……………………………………………31

Figure 10. Axial B0, CFA & FA images of a normal subject showing cord segmentation…………….32

Figure 11. Axial B0, CFA & FA images of a patient with SCI showing cord segmentation…………..32

Figure 12. Comparision b/w manual cord segmentation and GCA segmentation (1)………………..33

Figure 13. Comparision b/w manual cord segmentation and GCA segmentation (2)………………..34

Figure 14. Comparision b/w manual cord segmentation and GCA segmentation (3)………………..34



CHAPTER 1

INTRODUCTION

Segmentation  subdivides  an  image  into  its  regions  of  components  or  objects  and  is  an 

important tool in medical image processing [1]. In medical imaging, segmentation is vital for 

feature extraction, image measurements and image display [2, 3]. Segmentation of the spinal 

cord structures from images obtained using magnetic resonance imaging (MRI) has received 

importance recently, as MRI distinguishes itself from other modalities in its ability to generate 

excellent  soft  tissue  contrast  within  the  cord.  Grow  Cut  is  one  the  image  segmentation 

techniques which is initiated by interactive or automated identification of one or more points 

representing the 'object'. In this technique one or more points representing the 'background' 

are  called  seeds  and  serve  as  segmentation  hard  constraints  whereas  the  soft  constraints 

reflect boundary and/or region information. An important feature of this technique is its ability 

to interactively improve a previously obtained segmentation in an efficient way.

1.1 Background

Image segmentation is an essential  tool  in medical  image processing and is used in various 

applications. For example, in medical imaging it is used to detect multiple sclerosis lesion [7] 

quantification,  surgical  planning,  conduct  surgery  simulations,  locate  tumors  and  other 

pathologies,  measure  tissue  volumes,  spinal  cord  MRI  segmentation,  study  of  anatomical 

structure etc [3]. Other practical non medical applications of image segmentation are machine 

vision, traffic control system; face and finger print recognition and locate objects in satellite 

images. Image segmentation with grow cut technique has potential  usefulness for everyday 
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applications like image cropping and colorization along with the multi-view image stitching, 

video texture synthesis, image reconstruction, n-dimensional image segmentation etc [5].

In medical imaging for analyzing anatomical structures such as bones, muscles blood vessels, 

tissue types, pathological regions such as cancer, multiple sclerosis lesions and for dividing an 

entire  image  into  sub  regions  such  as  the  white  matter  (WM),  gray  matter  (GM)  and 

cerebrospinal fluid (CSF) spaces of the spinal cord automated delineation of different image 

components are used [2,  3].  In the field of  medical  image processing,  segmentation of  MR 

spinal cord image is significant as MRI is particularly suitable for spinal cord studies because of 

its excellent contrast of soft issues, non invasive characteristic and a high spatial resolution.

Existing  methods  for  in  vivo  transaxial  spinal  cord  segmentation  in  MRI  can  generally  be 

categorized into two broad classes. The first, most common class requires significant human 

intervention and ranges from entirely manual segmentation to computer-aided manual edge 

selection  (ref).  These  segmentation  methods  are  subject  to  human  bias  and  are  therefore 

unreliable and generally  not  reproducible.  They are also slow and therefore impractical  for 

analyzing  large  data  sets.  The  second  class  seeks  to  define  a  contour  around  the  cord 

automatically, based on image gradients and pixel intensities within and outside the contour, 

with minimal human intervention. These approaches generally use contour methods such as 

snakes (12)  or  level-sets  (13),  and they vary  in speed but  are  in general  much faster  than 

manual segmentation. A recent example of this second class is presented in Deng et al. (14), 

which uses a B-spline snake approach to find the spinal cord contour from in vivo MR images of 

healthy and mildly injured rat spines. This method relies on human intervention to select the 
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midpoint of the spine as the seed point for the snake algorithm, and it generates segmentations 

in an average of 1.6 sec per slice (14).

Grow  Cut  is  one  of  the  emerging  image  segmentation  techniques  for  spinal  cord  tissue 

identification.  It  has  been introduced for  image  analysis  since  2005  and has  been used  to 

segment MR images of brain, knee joint, shoulder, etc. [6]. However this technique has not 

been studied to segment spinal cord MR images especially in pediatric patients. 

1.2 Problems and challenges of spinal cord image segmentation

There are a number of techniques to segment an image into regions that are homogeneous. 

Not all  the techniques are suitable for medical image analysis of the spinal cord because of 

complexity of the spinal cord structure. Moreover, there is no standard image segmentation 

technique that can be applied to normal and abnormal spinal cord MRI images. One of the 

major hindrances to spinal cord segmentation arises from the extremely small size of the cord 

and the geometry of the cord structures. Optimal selection of features, tissues, cord and non–

cord elements are extremely challenging in human spinal cord. Operator supervision, manual 

thresholding metrics, and ground truth verification are other challenging issues in spinal cord 

segmentation. 

1.3 Scopes and objectives of the thesis

Many segmentation techniques such as mean shift, region growing, water shed, graph cuts, 

fuzzy connectivity etc. are available for medical imaging especially for spinal cord MRI. Grow 

Cut is an efficient segmentation technique which can solve a wide variety of spinal cord tissue 

identification  (8).  The aim of  this  thesis  is  to  perform spinal  cord MR image  segmentation 
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applying  the  region growing  and von Neumann cellular  automaton  algorithms of  grow cut 

technique. To achieve this goal, a work flow MATLAB script will be used to integrate all the 

above mentioned algorithms to implement in the grow cut technique. Results comparison of 

the grow cut segmentation algorithm with the manual region of interest based segmentation 

will  be  accomplished  to  evaluate  segmentation  quality  on  top  of  visual  inspection  of  the 

segmented images by a board certified neuroradiologist.

1.4 Outline

The thesis is organized as follows. Chapter 1 provides the introductory part and background 

information of the thesis topic as well as research scopes and goals identification. Literature 

review of various segmentation techniques and different kinds of algorithms are discussed in 

Chapter 2. Theoretical analysis of grow-cut technique, problem formulation and methodological 

approach of the algorithm is depicted in Chapter 3 which is the foundation of this thesis work. 

Simulation results with MATLAB software applying the algorithm are presented in Chapter 4. 

Detailed discussions and quantitative evaluation of the results are explored and analyzed in 

Chapter 5. Finally conclusions have been made in Chapter 6 along with recommendations for 

future research work.
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CHAPTER 2

HISTOLOGY OF SPINAL CORD 

The central nervous system is composed of two major interconnected organs: the brain and the 

spinal  cord.  These  organs  work  together  to  integrate  and  coordinate  sensory  and  motor 

information in an effort to control the various tissues, organs, and organ systems of the body. 

The spinal cord contains the neural circuitry for spinal reflexes and the neural tracts for the 

transmission of sensory and motor information between the brain and the spinal nerves and 

some autonomic nerves. It is a bilaterally symmetrical, segmented organ that connects to the 

brain at the base of the brainstem. The cord runs dorsally along the mid-longitudinal axis of the 

body through the vertebral canal, a conduit formed through the articulation of the vertebrae. 

Each of  the  spinal  cord's  31  segments  is  associated with a  pair  of  spinal  nerves that  carry 

sensory and motor information between the tissues and organs of the body and the spinal cord. 

This chapter provides a brief literature review of the histology behind the spinal cord (14). 

2.1 Introduction

The spinal cord is a hollow, bilaterally symmetrical, segmented nerve cord that begins at the 

base of the brainstem and ends in a tapered structure called the conus medullaris between the 

first  and  second  lumbar  vertebrae.  In  the  adult  human,  it  is  approximately  45  cm  long, 

approximately 1 cm thick, although the thickness varies significantly along its length, and is 

divided into 31 segments. Each segment is associated with a pair of spinal nerves, each of which 

communicates with the spinal cord via a dorsal and ventral root.
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2.2 Classification of tissue types

The cord is physically protected by a set of three specialized sheaths called the spinal meninges. 

The spinal meninges, listed from exterior to interior, are 1) the dura mater, 2) the arachnoid 

and 3) the pia mater. The spinal meninges are continuous with similar sheaths surrounding the 

dorsal  and ventral  roots,  which,  in turn,  are continuous with the perineurium of the spinal 

nerves. The spinal cord runs dorsally along the mid-longitudinal axis of the body through the 

vertebral  canal,  a  conduit  formed through  the  articulation  of  the  vertebrae.  The  vertebral 

column physically protects the spinal cord and its meninges (6-8).

Because the spinal cord is a bilaterally symmetrical organ, its histology is best studied in cross-

section. While some variation exists in the macroscopic appearance of the cross-sectional faces 

of  the  spinal  cord  segments,  there  is  a  common,  general  tissue  organization  shared  by  all 

segments. A posterior median sulcus extends along the midline of a spinal cord section from 

the posterior  (dorsal)  surface.  An anterior  median fissure extends along the midline of  the 

spinal  cord  section  from the  anterior  (ventral)  surface.  A  small  central  canal,  which  is  the 

structural basis for the spinal cord being described as a "hollow" nerve cord, passes through the 

center of the organ. This canal is normally filled with cerebrospinal fluid. The spinal cord tissue 

is divided into two basic types of tissue, based on the tissues' macroscopic appearance: the gray 

matter and the white matter (7-10).
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 Figure 1. Cross-sectional illustrative view of human spinal cord

2.3 Gray Matter 

The gray matter, which makes up the core of each side of the cord, appears gray in its natural 

state due to the predominance of unmyelinated structures in this tissue. It may be stained in 

your preparation. The gray matter of each side of the spinal cord is spatially organized with 

regard to neural circuitry. It is divided into three horns, the posterior horn, the lateral horn, and 

anterior horn. The shape and position of these horns give the gray matter its characteristic 

"butterfly" shape. Each horn contains diffuse clusters of neuronal cell bodies (nuclei) associated 

with specific neural function. The posterior horn contains nuclei associated with somatic and 

visceral sensory function (5).
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The gray matter of each side of the spinal cord interconnects by way of two gray commissures, 

one  passing  posterior  to,  another  passing  anterior  to  the  central  canal.  Each  commissure 

contains the axons of small multipolar interneurons which conduct impulses from one side of 

the spinal cord to the other.

2.4 White Matter

The white matter, which is situated peripherally on each side of the cord, appears white in the 

living state (it may be stained in your preparation). The natural white appearance of the white 

matter is due to an abundance of myelin in this tissue. The white matter of each side of the 

spinal cord is also spatially organized with regard to neural circuitry. It  is divided into three 

columns, or funiculi: the posterior funiculus, the lateral funiculus, and the anterior funiculus. 

Within each funiculus, axons are spatially organized into fasiculi,  or tracts. The axons within 

each tract share a common path. Some tracts relay sensory information to other segments of 

the spinal cord or to the brain, other tracts relay motor information (5,6).

2.5 T2 Weighted Imaging and Contrast

The description of T2 (or transverse) relaxation begins with the net magnetization aligned with 

the z direction and a 90° RF pulse that rotates this net magnetization into the transverse plane. 

The  net  magnetization  is  made  up  of  contributions  from  many  protons,  which  are  all 

precessing.  During  the  RF  pulse,  the  protons  begin  to  precess  together  i.e.  they  come “in 

phase”. Immediately after the 90° RF pulse, the protons are still in phase but begin to dephase 

due to several effects (2).
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The dephasing may be called T2* (T2 star) decay or T2* relaxation. In this case, when dephasing 

is due only to the effect called spin-spin interactions, the dephasing may be called T2 decay or 

T2 relaxation. T2 is a parameter that is characteristic of specific tissue and characterizes the 

rate  of  dephasing  for  the  protons  associated  with  that  tissue.  When  the  transverse 

magnetization is completely in phase, our measured MR signal  is at a maximum. When the 

transverse magnetization begins to dephase, our measured MR signal begins to decrease until 

the magnetization is completely dephased, at which time the measured MR signal is zero (29). 

White matter has a short T2 and dephases rapidly. CSF has a long T2 and dephases slowly. Gray 

matter has an intermediate T2 and dephases intermediately. We are able to take advantage of 

these differences and produce images based on this contrast mechanism, called T2-weighted 

contrast. If we were to create an image at a time when the transverse magnetization curves 

were widely separated, then we would have high contrast between the tissues in our image. 

We would see that CSF is associated with lighter pixels, white matter is associated with darker 

pixels, and gray matter is associated with intermediate gray-level pixels. If we were to create an 

image at a time when the curves were not widely separated, the image would not have much 

T2-weighted contrast (2).

2.6 Diffusion Weighted Imaging and Contrast

DTI  provides  microstructural  information  with  greater  sensitivity  to  tissue  integrity  than 

conventional  MRI.  Many  studies  have  reported  the  potential  of  six-direction  DTI  derived 

parameters to reveal the morphological integrity and pathophysiological changes of living tissue 

in rodent spinal cord studies (8, 18–20). In the T2 weighted image, the brightest area is located 
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within  the  spinal  canal,  containing  both  cord  and  cerebrospinal  fluid  (CSF),  with  minimal 

differentiation  in  voxel  intensity  level  between  the  white  and  gray  matter  tissue  types.  In 

severely injured cords, the intensity level of the CSF can on occasion differ slightly from that of 

the cord; however, even when there is variation between the cord and CSF, the difference in 

intensity level between the background and the spinal cavity is always much greater(1).

Diffusion weighted images are brightest only in the region corresponding to spinal cord, not 

CSF. The voxel intensity level of the CSF in the DWIs is equivalent to that of the background 

tissues.  This  is  because  the  signal  from  CSF  attenuates  significantly  in  diffusion  weighted 

imaging in any direction. Voxel intensities in DWIs differentiate strongly between white and 

gray matter; in some diffusion gradient directions, the white matter is brighter than the gray 

matter, while in other directions, the gray matter is brightest (1).
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CHAPTER 3 

BRIEF REVIEW OF SEGMENTATION METHODS

This chapter provides a brief literature review of the segmentation techniques used in medical 

image analysis. Segmentation of an object in an image is performed either by locating all pixels 

or voxels that form its boundary or by identifying them that belong to the object. In medical 

imaging, segmentation is an important tool and a variety of algorithms exist. Variability of data 

is quite high in medical image for analyzing anatomical structure and tissue types [2]; hence 

segmentation techniques that provide flexibility, accuracy and convenient automation are of 

paramount  importance.  A brief  review of  the current segmentation methods are shown as 

below.

3.1 Histogram thresholding

The  most  uncomplicated  image  segmentation  process  is  histogram  thresholding  since 

thresholding is fast and economical in computation. For segmenting background and objects, a 

threshold which is defined as brightness constant is used. Band thresholding, local thresholding, 

multi  thresholding and semi-  thresholding are some of  the modifications of  this  technique. 

Single thresholds that can differ in image elements are known as local threshold, whereas single 

thresholds that can be applied to the complete image are known as global threshold. In order 

to  determine  the  threshold  automatically,  threshold  recognition  approaches  are  exploited. 

Threshold recognition approaches  can employ optimal  thresholding,  p-tile  thresholding  and 

histogram shape analysis. Optimal thresholding results in minimum error segmentation as the 

threshold as  the  closest  gray-level  corresponding  to the minimum probability  between the 

11



maxima of two or more normal distributions is established through this approach. For color or 

multi  band images  multi-spectral  thresholding  is  suitable.  As  a  minimum between the  two 

highest local maxima, in bi-modal histograms the threshold is verified [5].

The approach in which the image histogram for  the complete image is  based on only one 

threshold  it  is  called  global  thresholding.  It  is  assumed  that  the  object  in  interest  can  be 

extracted from the background comparing image values having threshold value T and the image 

has a bimodal histogram. In Figure 1, the bimodal histogram of an image f(x, y) with selected 

threshold T has been illustrated.

                                   

Figure 2. Histogram Thresholding

3.2 Mean shift Segmentation Method

Mean shift method is a non-parametric technique to examine a complex multi-modal feature 

space and to classify feature clusters. Size and shape of the region of interest are the only free 

parameters  in  this  method.  In  mean  shift  segmentation  in  order  to  estimate  the  density 

gradient, the density estimation is changed. A two step sequence of discontinuity preserving 

filtering and mean shift clustering is utilized in this segmentation technique [5]. In mean shift 
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process for each point in data space first,  the region of interest is  obtained like a spherical 

window [hs hr]. Next, the mean shift is calculated as below.

                                                       (1)

3.3 Region growing

In region growing segmentation technique pixels with similar intensities are grouped. The first 

step of this technique starts with a pixel or group of pixels known as seeds belonging to the 

structure in focus. Pixels in small neighborhood region are then examined in the next step and 

added to the growing region on the basis of homogeneity criterion. Until no more pixels can be 

adjoined to the growing regions, this step continues. Finally, the object illustration is done by all 

added pixels to the growing regions.

In the medical image segmentation field region growing technique can be applied in kidney 

segmentation,  cardiac  images,  extraction  of  brain  surface  etc.  The  capability  of  generating 

joined regions and appropriately segmenting regions having matching property are the benefits 

of this segmentation method. One of the drawbacks of this method is that since outcome of 

region growing is dependent on homogeneity criterion, failure in correctly choosing criterion 

may result in adjacent areas or regions not belonging to the object of interest [2]. 
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3.4 Edge based segmentation

In edge based segmentation technique boundary on an image or an edge is defined by the local 

pixel  intensity gradient.  An estimation of  the first  order derivative of  the image function is 

called a gradient. The magnitude of the gradient for a given image f(x,y) can be calculated as 

                                                                2 2x y
G G G= +                                                (2)

The direction of gradient is represented as

                                                                  1tan ( )y

x

G
D

G
−=                                                     (3)

Here, gradients in directions x and y are expressed as Gx and Gy.

Edge-based techniques are fast in computation and usually in this approach a priori information 

about image content is not required. The most general problem of this approach is that often 

the edges do not enclose the object completely. In this segmentation technique the direction 

and magnitude can be presented as images. A post processing step of linking or grouping edges 

is required to structure closed boundaries neighboring regions.

3.5 Graph cuts segmentation

Graph cut optimization has become well accepted in the area image segmentation techniques 

since it was proposed as an efficient way to minimize a larger class of energy functions. Various 

problems as image segmentation [8], [9], image restoration [10], [11], [12], image synthesis 

[13], stereo and motion [10], [11], [14], [15], [16] can be solved by graph cuts. The optimality of 
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graph cut minimization methods depends on the number of labels and the exact form of the 

smoothness term.  Creation of a specific graph for every specific problem was required in the 

early  proposals  utilizing  graph  cut  optimization  as  a  technique  for  energy  minimization. 

Numerous graph techniques exist which are exploited in image segmentation such as minimum 

spanning  trees,  shortest  path,  graph-cuts  etc.  Among  all  these  typical  graph  partitioning 

methods graph-cuts are comparatively new and the most powerful one for image segmentation 

[5].  Flexible and accurate global  optimization and computation efficiency are achieved with 

graph  cuts  segmentation.  Graph-cut  segmentation  was  first  initiated  as  binary  image 

reconstruction approach in Greig et al.  1969. The graph optimization algorithm such as the 

combination of min-cut and max-flow was presented in Boykov and Jolly, 2001 as a powerful 

method of optimal boundary and region segmentation in n-D image data.  The method was 

initiated by them for  automated identification  of  ‘object’  and ‘background’  with  the terms 

seeds, segmentation hard constraints and soft constraints for region information.

3.6 Fuzzy connectivity 

In [33, 34], Rosenfeld proposed a first definition of fuzzy connectivity between points in the 

digital space according to a fuzzy set. Based on this definition, he derived a characterization of 

the  connectivity  of  a  fuzzy  set,  known  as  topographic  connectivity.  According  to  this 

characterization,  a  fuzzy  set  is  connected  if  it  presents  a  unique  regional  maximum  or 

equivalently if  all  its α-cuts are connected. A similar  definition for fuzzy sets on continuous 

spaces was proposed in [20]. The local fuzzy relationships are explicated using fuzzy affinity. In 

this segmentation technique one global fuzzy relationship is fuzzy connectedness where every 
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pair  of  image  components  are  assigned  with  a  value  base  on  the  affinity  values  along  all 

possible paths between these two image elements [5].

3.7 Optimal single and multiple surface segmentation

In  this  medical  image  segmentation  technique  single  and  multiple  interactive  surfaces  are 

categorized  in  a  transformed  graph  through  optimal  graph  searching.  In  this  technique 

transforming the problems into calculating combinatorial explosion in calculation is eliminated. 

In graph theory, a cut is a partition of the vertices of a graph into two disjoint subsets. The cut-

set of the cut is the set of edges whose end points are in different subsets of the partition. 

Edges are said to be crossing the cut if they are in its cut-set. In an unweighted undirected 

graph, the size or weight of a cut is the number of edges crossing the cut. In a weighted graph, 

the same term is defined by the sum of the weights of the edges crossing the cut. In a flow 

network, an s-t cut is a cut that requires the source and the sink to be in different subsets, and 

its cut-set only consists of edges going from the source's side to the sink's side [5]. The capacity 

of an s-t cut is defined by the sum of capacity of each edge in the cut-set. The cut of a graph can 

sometimes refer to its cut-set instead of the partition. 
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CHAPTER 4 

GROW CUT: THEORY

Since this work will be focused on grow cut based segmentation, the basic theory of grow cut is 

reviewed in more detail in this chapter. Further two algorithms that implement grow cuts are 

described, one is seed growing region segmentation algorithm [18] and the other is cellular 

automaton neighborhood theory algorithm [6]. Segmentation of spinal cord image comprises of 

classifying cord, non-cord element, and segmenting WM, GM and CSF within the spinal cord 

structure. In this work the Grow cut, a new technique for segmenting the spinal cord will be 

implemented and tested.  

4.1 Grow cut image segmentation

Vladimir  Vezhnevets  and  Vadim  Konouchine  from  the  Media  Laboratory  at  Moscow  State 

University  first  came  up  with  this  algorithm  in  2005.  The  unique  feature  of  the  grow  cut 

algorithm is in its ability to incorporate both “von Neumann neighborhood” theory and the 

“region growing/region merging” technique. This user intuitive algorithm starts off based on 

the user specified “seed pixels” and then utilizes “cellular automaton” technique to segment 

the image based on homogeneity of the pixels. The homogeneity is established by looking at 

the pixel intensity and whether the intensity values are homogenous to the original seed pixel. 

Each added pixel then becomes a new seed whose neighbors are inspected for inclusion in the 

region and connects them into one shape.

Image segmentation relates basically background and object which can be employed as binary 

labeling problem. Boykov and Jolly [9] mentioned the segmentation of a monochrome image 
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that solves a two labels problem in the graph cut method. Considering a set of labels L and a set 

of sites S, the labeling problem can be assigned as a label  pf L∈ and each of the sites p S∈ . 

The label  set  {0,1}L = where 0  indicates  background and 1 indicates  object.  For  a  labeling 

problem if  { }p pf f f L=  ∈ for all pixels, the energy minimization Markov Random Field (MRF) 

equation [5] can be written as:

                                            { , }

( ) ( ) . ( )p p pq p q
p S p q N

E f D f T f f
∈ ∈

= + λ ω ≠∑ ∑
                                (4)

In the energy minimization equation, the first term called as data term consists of constraints 

from the observed data and measures how the labels are assigned. Label pf fits with site p and 

is measured by pD . The second term which is the smoothness term measures to what extent f 

is not piecewise smooth. N represents the neighborhood system like 4 or 8-connected system. 

If  , ( )p q p qf f T f f= ≠ becomes 0 and 1 otherwise.  In image segmentation it  is  expected the 

boundary to be positioned on the edges. Hence the typical selection of pqω  is:

                                                                                 (5)

Color values of Sites p and q are represented by pI and qI along with distance between p and q 

is presented by dist (p,q).  Level  of  variation between neighboring sites is  expressed by the 
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parameter δ . The relative importance of the data term versus smoothness term is revealed by 

the parameter λ .

The flow chart depicting the step by step procedure of the grow cut algorithm can be depicted 

as follows:

The MATLAB code for the grow cut image segmentation algorithm can be depicted as follows:

% growcut.m
clear all;close all;clc;
%-- Load image and seeds
img = imread('Control3.TIF');
labels=zeros(size(img,1), size(img,2));
imshow(img);
disp('Select foreground');
[x,y]=ginput(10);
 
for i = 1: 10
    labels(y(i),x(i))=1;
end
disp('Select background');
[x1,y1]=ginput(10);
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for i = 1: 10
    labels(y1(i),x1(i))=-1;
end 
    
subplot(2,2,1), imshow(img);
subplot(2,2,2), imshow(labels,[]);
subplot(2,2,3), imshow(img);
 
%-- For segmentation
[labels_out, strengths] = growcut(img,labels);
 
%-- For Smoothing
labels_out = medfilt2(labels_out,[3,3]);
 
hold on;
contour(labels_out,[0 0],'g','linewidth',4);
contour(labels_out,[0 0],'k','linewidth',2);
hold off;
 
subplot(2,2,4), imshow(labels_out);

4.2 Seed growing region segmentation algorithm

The simplest approach to region growing is pixel aggregation where the process starts with a 

number of seed points and regions are grown from these seed points appending to each seed 

point any neighboring pixels which are “similar” to the seed point. Region growing is a useful 

technique to consider when segmenting images because it is simple, can give good results and, 

even  if  it  is  not  the  final  result  of  segmentation,  can  be  a  good  starting  point  for  other 

techniques.

A problem with region growing is that it relies on pixels in the regions being grown having some 

similarity property. In some instances the regions which one would like to identify do not have 

similar gray level or color values. The algorithm begins by choosing a set of seed points (or seed 
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areas) in the image where one or more of the seed points (areas) represent each region of 

interest in the image. The initialization phase of the algorithm is then to label each seed point 

according to the regions that they represent and to calculate the mean value for each region 

from the values of the seeds in that region. Then the difference between each neighboring pixel 

of each seed point and the mean of the region in which the seed falls is calculated ( δ )and these 

neighbors  are  inserted into a  data  structure  called a  sequentially  sorted list  (SSL)  which is 

maintained in sorted order based on the values of δ for each neighbor. 

The algorithm then proceeds by considering each point in the SSL in turn. Here the first point is 

removed from the SSL and compared to its neighbors to determine which region it should be 

merged with. 

Figure 3. Seed growing technique 

Starting from a manually selecting a seed point (x in the left diagram above), the region growing 

segmentation algorithm then adds more and more neighboring voxels (x in the other diagrams) 

that  meet  the  certain  inclusion  criterion.  Process  is  typically  controlled  by  a  gray  value 

threshold. 

The flow chart for the seed growing region algorithm can be depicted as:
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The code for the Seeded Region Growing algorithm can be depicted 
as follows:

01 For each seed point, s

02 label s according to the region it represents

03 For each region r

04 For each seed point, s in r

05 Update the mean of r using the value of s

06 For each seed point s

07 For each neighbor k of s

08 Calculate δ for k based on the mean of the region containing s

09 Insert k into the correct place in the sequentially sorted 
list (SSL)
   based on the value of δ
10 While the SSL is not empty

11 Remove the first point, y, from the SSL

12 If all the labeled neighbors of y have the same label
  (ignoring those with the boundary label)
13 Then

14 Set y’s label to be this label
15 Update the mean of the corresponding region

16 For each neighbor k of y

17 If k has not been set and k is not in SSL
18 Then
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19 Calculate δ  for k based on the mean of the region containing y

20 Add k to the SSL based on δ
21 Else

22 Label y with the boundary label

4.3 Cellular automaton theory algorithm

Cellular  automata  are  a  discrete  model  studied  in computability  theory,  mathematics,  and 

theoretical biology. It consists of an infinite, regular grid of cells, each in one of a finite number 

of states. The grid can be in any finite number of dimensions. Time is discrete and the state of a 

cell at time t is a function of the states of a finite number of cells (called its neighborhood) at 

time t-1.  Cellular  automata  have two possible  values  for  each cell  (0  or  1),  and  rules  that 

depend only on nearest neighbor values. Every cell has the same rule for updating, based on 

the values in this neighborhood. 

The evolution of cellular automaton can be described by a table specifying the state a given cell 

will have in the next generation. The rule set which governs the next set of the automaton is:

This is based on the value of the cell to its left, the value the cell itself, and the value of the cell 

to its right.
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Figure 4. Cellular Automata seeding technique

Iterate through each element of the data by column, then by row. If the element is not the 

background get the neighboring elements of the current element. If there are no neighbors, 

uniquely label the current element and continue otherwise, find the neighbor with the smallest 

label and assign it to the current element. 

Figure 4. Cellular Automata region separation

Based on the labeling of the pixels and its neighborhood the algorithm separates the objects 

from its background.
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CHAPTER 5

PIPELINE OF MRI SEGMENTATION OF SPINAL CORD TISSUES

This chapter describes the pipeline used in this thesis for segmentation of spinal cord images. 

The steps which are followed for the grow cut based image segmentation are: pre-processing, 

feature extraction, segmentation and classification & description. 

Preprocessing improves the quality of the data by reducing artifacts. Feature extraction and 

selection  provides  the  measurement  vectors  on  which  the  image  segmentation  is  based. 

Segmentation  groups  pixels  into  regions,  and  hence  defines  the  boundaries  of  the  tissue 

regions. Segmentation is followed by classification or labeling of the regions into the tissue 

types. The flow chart can be depicted as follows:
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CHAPTER 6

EXPERIMENTAL RESULTS

Medical  image  segmentation  for  spinal  cord  MRI  is  an  emerging  field  with  upcoming  new 

techniques and algorithms. We performed experiments with some existing algorithms used in 

the  grow  cut  method  on  spinal  cord  MR  images.  MATLAB  programming  integrating  the 

algorithms of the grow cut technique show results with better segmentation outputs when 

compared with the manually segmented images. We initially segmented the spinal cord MR 

image applying manual inspection with available simulation tools; finally the segmentation is 

done applying the grow cut algorithm with our own MATLAB programming codes.

An inner field of view (iFOV) sequence was used for acquiring the DTI MRI data used in this 

segmentation  study.  The  subjects  recruited  were  in  the  age  group  between  7  to  21.  The 

imaging parameters included: 20 diffusion directions, b = 1000s/mm2, voxel size = 1.2 x 1.2 x 3 

mm3, axial slices = 35-45 (depending on the subject’s height), TR = 6100-8000 ms, TE = 115 ms, 

number of averages = 3 and acquisition time = 7 min (28). The axial DTI images were acquired in 

the  same  anatomical  location  prescribed  for  the  T2-weighted  images  to  cover  the  entire 

cervical spinal cord (C1 to T1 levels). 

The algorithm was applied to structural images (T1 &T2) as well as functional (DTI) images of 

both  normal  control  subjects  and  patients  with  SCI.  Qualitative  analysis  show  good 

segmentation of CSF/spinal cord separation. 
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                                     Figure 5. T2 image segmentation of a normal subject: CSF segmentation

This figure depicts a structural T2 image segmentation. In this image the cerebrospinal fluid 

(CSF) is being segmented from the spinal cord. The indentations are random bright noise due to 

which those pockets are created (arrows).
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                               Figure 6. T2 image segmentation of a normal subject: Cord segmentation

This figure depicts a structural T2 image segmentation. In this image the cord consisting of the 

White Matter (WM) and Grey Matter (GM) is segmented from the CSF.  
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                                       Figure 7. T2 image segmentation of a patient:  CSF segmentation

This figure depicts a structural T2 image segmentation. In this image the cerebrospinal fluid 

(CSF) is being segmented from the cord in a patient with SCI. The horns depict the CSF around 

the nerve sheaths.
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                               Figure 8. T2 image segmentation of a patient:  GM and WM segmentation

This figure depicts a structural T2 image segmentation. In this image the cord consisting of the 

WM and GM is segmented from the CSF in a patient with SCI.  
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Figure 9.T2 image segmentation of a patient:  GM segmentation                                     

This  figure  depicts  a  structural  T2  image  segmentation.  In  this  image  the  GM  is  being 

segmented out. In this image the central gray matter segmentation looks good but there are 

false positive bilateral extensions of ROI. Arrows indicate the segmentation of the GM. 
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                            (A)                                                      (B)                                                            (C)   

Figure 10 A. Axial B0 image of a normal subject showing cord segmentation 10 B. Axial color FA image of a normal  
subject showing cord segmentation  10 C. Axial FA image of a normal subject showing cord segmentation after  
using GCA (the green boundary shows the segmentation) 

                            (A)                                                      (B)                                                            (C)   

Figure 11 A. Axial B0 image of a patient with SCI showing cord segmentation 11 B. Axial color FA image of a patient  
with SCI showing cord segmentation  11 C. Axial FA image of a patient with SCI showing cord segmentation after  
using GCA (the green boundary shows the segmentation) 

So far we looked at the structural image segmentations where the cord consisting of the GM 

and WM was separated from the CSF. Now the figures 10 and 11 depict the functional B0, CFA 

and  FA  image  segmentations  in  a  representative  patient  with  SCI  and  a  normal  subject 

respectively. In these images the cord consisting of the GM and WM is being segmented out. 

Semi-automatic segmentation of the spinal cord using GCA was successfully implemented and 

show good separation of the cord/CSF interface in both patient and control subjects (Figures 10 

& 11). Qualitatively, good separation of cord/CSF was seen in B0 (Figs 10A &11A), CFA (Figs 10B 
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&11B) and FA maps (Figs 10C & 11C) of a representative patient with SCI and a control using 

this GCA method. They demonstrate more homogeneous signal within the cervical spinal cord 

as well as greater conspicuity of the cord and surrounding CSF interface.

To  assess  the  algorithm performance of  the  proposed segmentation  process  a  comparison 

against manual segmentation using a set of reference SC masks defined by a board certified 

neuroradiologist was performed.  This qualitative analysis was carried on five normal subjects 

without a case of spinal cord injury. And this comparative analysis was carried out across all the 

cervical spinal cord slices of this subject in the multi spectrum consisting of functional data B0, 

color FA and FA images. 

    

                            (A)                                                (B)                                                 (C)   

Figure 12: Normal Subject 1  

12 A.  Axial  B0 image of  a  normal  subject  showing manual  cord segmentation (above)  and GCA segmentation  
(below)  12 B.  Axial  color  FA image of  a normal  subject  showing manual  cord segmentation (above)  and GCA  
segmentation (below)  12 C. Axial FA image of a normal subject showing manual cord segmentation (above) and  
GCA segmentation (below). The green boundary shows the segmentation.
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                   (A)                                                    (B)                                                (C)   

Figure 13: Normal Subject 2  

13 A.  Axial  B0 image of  a  normal  subject  showing manual  cord segmentation (above)  and GCA segmentation  
(below)  13 B.  Axial  color  FA image of  a normal  subject  showing manual  cord segmentation (above)  and GCA  
segmentation (below)  13 C. Axial FA image of a normal subject showing manual cord segmentation (above) and  
GCA segmentation (below). The green boundary shows the segmentation.

Figure 14: Normal Subject 3  

13 A.  Axial  B0 image of  a  normal  subject  showing manual  cord segmentation (above)  and GCA segmentation  
(below)  13 B.  Axial  color  FA image of  a normal  subject  showing manual  cord segmentation (above)  and GCA  
segmentation (below)  13 C. Axial FA image of a normal subject showing manual cord segmentation (above) and  
GCA segmentation (below). The green boundary shows the segmentation.
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Using  the GCA method the DTI  images  were  segmented in  all  five  normal  subjects.  These 

segmented images were then qualitatively compared with the manually segmented functional 

images across the same slices in each individual control subject. Both the semi-automatic and 

manually segmented B0, FA, color FA (CFA) images were qualitatively ranked using a scale of 2 

to  -2.  Finally  MANOVA was used to evaluate  the accuracy of  the segmentation on the DTI 

images in both semi-automatic and manual segmentation methods.

Qualitatively, good separation of cord/CSF was seen in B0 CFA and FA maps (of a representative 

patient with SCI and a control using this GCA method. They demonstrate more homogeneous 

signal within the cervical spinal cord as well as greater conspicuity of the cord and surrounding 

CSF  interface.  Quantitative  analysis  using  MANOVA  of  images  segmented  using  GCA  and 

manual segmentation showed no significant differences in CFA (p=0.1347) and FA (p=0.1442) 

images  but  B0 (p=0.0001)  images  showed  statistically  significant  differences.  Moreover 

quantitative analysis of images segmented using GCA between CFA and FA (p=0.3379) showed 

no statistical  significant  difference.   There was,  however,  statistical  significant  difference in 

images segmented with B0 and CFA (p=0.01637) & B0 and FA (p=0.01358).  This difference could 

be due to an overestimation of B0 values due to noise or intrinsic dephasing as a result of 

complex flow of CSF (29) which was less apparent in the color FA and FA maps. 
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CHAPTER 7 

DISCUSSIONS AND CONCLUSIONS

7.1 Discussions

Three spinal cord tissues- gray matter (GM), white matter (WM) and cerebrospinal fluid (CSF) 

are of interest to be segmented by different algorithms. It has been found from the literature 

study that the grow cut is quite a new and potential method beside the other algorithms like 

graph-cut or the multistep classification expectation maximization (CEM) [1], [6], [7], [17]. Close 

proximity of the image pixel characteristics in its neighborhoods and energy minimization are 

basis  of  this  method.  The  purpose  of  this  work  was  to  conduct  MRI  spinal  cord  image 

segmentation using grow cut algorithm.

Pre-processing of the synthetic image, feature extraction providing the measurement vectors, 

and finally classification and description that is segmentation of GM, WM and CSF are the major 

steps in applying the grow cut algorithm. The segmentation of GM, WM and CSF are also done 

by manual segmentation of the cord structure by a board certified neuroradiologist using a set 

of reference SC masks. Qualitative evaluation of the manual segmentation technique over the 

grow cut algorithm provides a comparative view in a standard benchmark. All the cervical spinal 

cord slices of five normal subjects were segmented using both the approaches. 

In the manual segmentation technique only the cord along with the WM and GM tissues are 

segmented with the help of careful inspection and pixel selection around the cord geometry. It 

is a very time consuming process and chances of human error is at its peak. In some case the 

manually  marked  segmented  boundaries  provide  slightly  better  output  than  the  grow  cut 
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segmentation  technique  but  however  the  later  proved much  effective  in  providing  a  clear 

delineation of the different tissues from the cord at most times.

The grow cut algorithm provided where WM, GM and CSF are segmented according to growth, 

augmentation and adaptation stages to obtain image data. The grow cut technique was quite 

successful in extensively segmenting out the cord structure from the WM and GM respectively 

in structural T2 images and also when ran on functional image data sets like B0, color FA and FA 

images the segmentation algorithm proved to be quite effective. 

When the quantitative analyses were examined statistical differences were seen in between 

the functional DTI images. These differences could be due to an overestimation of B0 values due 

to noise or intrinsic dephasing as a result of complex flow of CSF (29) which was less apparent in 

the FA, color FA and T2 maps. Overall, in both the controls and subjects with SCI, quantitative 

and  qualitative  analysis  showed  a  superior  semi-automated  segmentation  on  CFA  and  FA 

images over a B0 image the using modified GCA.   

7.2 Conclusions

The unique feature of the grow cut algorithm is in its ability to incorporate both “von Neumann 

neighborhood” theory and the “region growing/region merging” technique. And since it’s an 

user intuitive algorithm, it starts off based on the user specified “seed pixels” and then utilizes 

“cellular automaton” technique to segment the image based on homogeneity of the pixels. This 

homogeneity is established by looking at the pixel intensity and whether the intensity values 

are homogenous to the original seed pixel [8].
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For  spinal  cord  MR  image  segmentation  different  slices  of  spinal  cord  images  from  both 

patients  with  SCI  and  normal  subjects  have  been  tested  in  our  research.  The  MR  image 

segmentation  experiments  were  also  performed  using  both  the  manual  segmentation 

technique  and  grow  cut  segmentation  algorithm.  The  preliminary  tests  shows  that 

computational time and complexity are much less to segment the spinal cord MR image into 

WM, GM and CSF in T2 images and cord/CSF interface separation in the B0, CFA and FA images 

by the grow cut algorithm compared to the manual segmentation techniques. Furthermore, 

significant  outputs  for  the  segmentation  of  cord/CSF interface  were produced by grow cut 

algorithm. On the other hand applying the manual pixel selection technique resulted in unclear 

segmentation  of  the  cord  with  minimum  quality  at  times.  Error  analysis  wasn't  done,  so 

qualitatively the semi automatic GCA method provided better results at a faster rate than the 

manual  segmentation.  Extensive  tests  on  various  spinal  cord  slices  such  as  twenty 

patient/normals cord slices image data need to be conducted along with other image analysis 

softwares in order to verify and improve the present results. 
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