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Abstract

Fully Automatic Segmentation of White Matter
Lesions from Multispectral Magnetic Resonance
Imaging Data

Shenshen Cui

A fully automatic white matter lesion segmentation method has been developed and
evaluated. The method uses multispectral magnetic resonance imaging (MRI) data (T1,
T2 and Proton Density). 
First fuzzy c means (FCM) was used to segment normal brain tissues (white matter,
grey matter, and cerebrospinal fluid).
The holes in normal white matter were used to sample the WML intensities in the
different images. The segmentation of WML was optimized by a graph cut approach. 
The method was trained by using 9 manually segmented datasets and evaluated by
comparison to 11 other manually segmented, and visually evaluated, datasets. 
The graph cut part of the automatic segmentation requires, on average, 30 seconds
per dataset. The results correlated well (r=0.954) to a manually created reference
that was supervised by two neuroradiologists.

Key Words: White matter lesion, automatic segmentation, graph cuts, MRI, PIVUS

Tryckt av: Reprocentralen ITC

Sponsor: Department of Radiology, Uppsala University Hospital
IT 10 010
Examinator: Anders Jansson
Ämnesgranskare: Lars Johansson
Handledare: Joel Kullberg



 



1 

 

 

Acknowledgement 

It has been a pleasure that doing this master thesis in Department of Radiology, Uppsala 

University Hospital for six month. First of all I would like to thank my supervisor Joel 

Kullberg, always giving me help and advice. Thanks to the neuro-radiologists Elna-Marie 

Larsson and Ruta Gelombickaite who help me on the manual segmentation. Thanks to 

Yuri Boykov for sharing their code of graph cuts. Also thanks to my reviewer Lars 

Johansson, my colleagues Richard Nordenskjöld, Johan Berglund and all the staff of 

Department of Radiology for their help and support. Without them, I could not finish this 

master thesis alone. At last, I would thank to my parents and friends who are always by 

my side. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



2 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



3 

 

Contents 

Acknowledgement .................................................................................................................... 1 

Contents .................................................................................................................................... 3 

1. Introduction ....................................................................................................................... 5 

1.1 Magnetic Resonance Imaging ............................................................................. 5 

1.2 White matter lesions ............................................................................................ 6 

1.3 Master thesis purpose ......................................................................................... 6 

1.4 Review of previous WML segmentation methods .............................................. 7 

1.4.1 List of previous method papers ..................................................................... 7 

1.4.2 Discussion of previous methods ................................................................... 9 

2. Definitions ....................................................................................................................... 10 

2.1 Fuzzy c means (FCM) .......................................................................................... 10 

2.2 Graph Cuts (GC) .................................................................................................. 10 

2.3 Platinum .............................................................................................................. 11 

2.4 The PIVUS Project ............................................................................................... 12 

2.5 T1, T2 and PD Image .......................................................................................... 12 

Spin and Magnetization ......................................................................................... 12 

T1 image ................................................................................................................. 13 

T2 image ................................................................................................................. 13 

Proton Density image ............................................................................................. 13 

3. Methods ........................................................................................................................... 14 

3.1 Data ..................................................................................................................... 14 

Image Pre-processing ............................................................................................. 14 

3.2 Brain tissue segmentation ................................................................................. 14 



4 

 

3.3 Aim for WML ........................................................................................................ 15 

3.4 Holes in WM : The start point ............................................................................. 17 

3.5 Source cost ......................................................................................................... 17 

T1 source cost image ............................................................................................. 17 

T2 source cost image ............................................................................................. 18 

PD source cost image ............................................................................................. 19 

Combine of T1, T2 and PD ..................................................................................... 20 

3.6 Sink cost .............................................................................................................. 21 

3.7 N-links and graph cuts ....................................................................................... 22 

Algorithm description ............................................................................................. 22 

3.8 Result improvement ........................................................................................... 23 

Rules for removing non-lesions ............................................................................. 23 

Two phases of graph cuts ...................................................................................... 24 

3.9 Manual segmentation ........................................................................................ 25 

3.10 Evaluation of binary segmentations .................................................................. 25 

3.11 Algorithm training ............................................................................................... 26 

4. Results ............................................................................................................................. 28 

4.1 Evaluation of lesion score .................................................................................. 28 

4.2 Figure 4.3Evaluation result ................................................................................ 29 

Resample the reference to higher resolution ....................................................... 29 

Resample the automatic result to lower resolution ............................................. 31 

5. Discussion and Conclusions .......................................................................................... 32 

References .............................................................................................................................. 37 

 



5 

 

1. Introduction 

1.1 Magnetic Resonance Imaging 
Magnetic Resonance Imaging (MRI) has been leading cross-sectional imaging method in 

clinical practice. MRI, which gives better contrast between the different tissues in the 

body than computed tomography (CT), is not only the most important techniques in 

neuroradiology and musculoskeletal radiology, but also become an invaluable diagnostic 

tool for abdominal, pelvic, cardiac, thoracic and vascular imaging. 

MRI uses a strong magnetic field to align the magnetization of hydrogen atoms in water 

and fat of body instead of using ionizing radiation by, like CT does. The hydrogen nuclei 

produce a rotating magnetic field by using the radio frequency field(RF) to systematically alter 

the alignment the magnetization so that can be detected by the scanner. Additional 

magnetic fields can control the signal to build up information for constructing an image of 

an object. [1] 

A MR camera is shown in Figure 1-1. 

 

Figure 1.1 : MR camera equipped with a table top (lower left of the image). The table top can be lowered and 

raised to support patient positioning. The table top can also be moved in and out of the camera to aid to 

positioning of the patient in feet head direction. 
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1.2 White matter lesions 
White matter lesions (WML) are a kind of structural change of brain with the important 

characteristic myelinated damaging of axoneure. The lesions involve the white matter 

tract which plays a high-level brain function. The clinical manifestations range from 

attention deficit, forgetfulness and personality changes, to dementia, coma and even 

death. 

WML are commonly found in elderly subjects and are associated with cognitive decline [2] 

and increased risk of stroke [3] and dementia. 

WML can be divided into lacunar infarction, white matter (WM) hyperintensities, 

perivascular spaces and micro-bleedings. These 4 types of lesions have different 

intensities in different MR images. Some of them can hardly be seen in one image but 

can be seen clearly in another. Combination of various kinds of MR images is therefore 

needed to find all lesions. 

 

1.3 Master thesis purpose 
This thesis is part of the PIVUS project. This project had collected MRI data from more 

than 400 persons of age 75 living in the Uppsala region. The examination of the brains 

provided information about morphometry, changes in WM, infarctions and cerebral 

perfusion. 

The manual segmentation for WML is quite low efficiency and huge workload especially 

when the data set is large. We need to automatic segmentation of the WMLs. Because of 

the polymorphism of lesions, we want to combine our T1, T2 and PD images to increase 

method accuracy. In consideration of the efficiency, the automatic segmentation should 

be done in reasonable time. 

We already have a platform called Platinum that is used for MR image processing. The 

WML segmentation function will be a part of functions of the Platinum to make it more 

featured. Also based on the Platinum, a lot of image processing function are available. 

There will be an evaluation of the methods developed, working together with the 

radiologist. Compare the automatic result and the reference created by radiologist for 

optimizing the program 
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1.4 Review of previous WML segmentation methods 
Currently, white matter lesions are divided into periventricular white matter lesions 

(PVWML) and deep white matter lesions (DWML). Fazekas were the first to rate PVWML 

and DWML separately. PVWML is defined as WMLS contiguous with the margins of each 

lateral ventricle and DWMLs as those separate to it. [4] 

The continuity rules are commonly applied in the visual rating scales for WMLs. In these 

scales, such as their shape, size and number, were not used in defining the PVWML. 

Instead shape and size or size and numbers of WMLs were used in grading the severity of 

PVWML. However the PVWMLs are always irregular and associate with DWML, more 

complemented rules are needed for classifying PVWMLs and DWMLs. In some research, 

the distance from the ventricular was used for classification.[14] 

Because of these attributes of PVWML and DWML, the method in this master thesis was 

divided into two phases for analyzing them separately. 

 

1.4.1 List of previous method papers 

This table contains the related papers of automatic WML segmentation methods. The list 

was sorted by the year published. 
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Table 1-2: list of previous method papers 

ID Title Input 

data 

Methods Results Remark 

W
ar

fie
ld

1
9

9
5

 Automatic Identification of Grey 

Matter Structures from MRI to 

Improve the Segmentation of 

White Matter Lesions[5] 

T2, PD Classification and intensity in 

homogeneity correction is 

carried out with the Expectation 

-Maximization algorithm. 

Improve the segmentation of MS lesions by 

correct classification of the white matter 

region despite the overlapping tissue class 

distributions of grey matter and MS lesion. 

When tissue class distributions 

overlap some voxels are 

misclassified 

Jo
hn

st
on

1
9

9
6

 Segmentation of Multiple 

Sclerosis Lesions in Intensity 

Corrected Multispectral MRI[6] 

T2,PD Iterated conditional modes 

algorithm. A semi-automatic 

system for segmentation of MRI 

brain images 

Provides an acceptable segmentation of 

the white matter and lesions. 

Future work: improving the 

preprocessing of image scaling, 

image enhancements and RF 

in homogeneity corrections. 

U
du

pa
1

9
9

7
 

Multiple Sclerosis Lesion 

Quantification 

Using Fuzzy-Connectedness 

Principles[7] 

T2,PD The holes in the union of 

potential lesion sites which are 

utilized to detect each potential 

lesion as 3D fuzzy connected 

object. 

With a coefficient of variation of 0.9%  

 For volume and a mean false-negative 

volume fraction of 1.3%, with a 95% 

confidence interval of 0%–2.8% (based on 

ten patient studies). 

Clearly, it will be useful to have 

a system that can be readily 

adapted to the commonly used 

protocols. 

Pa
ch

ai
1

9
9

8
 

A pyramidal approach for 

automatic segmentation of 

multiple sclerosis 

lesions in brain MRI[8] 

T2,PD An automatic segmentation 

algorithm based on a multiple 

solution approach using 

pyramidal data structures is 

proposed 

The total time needed to process a 

complete MRI study is much shorter than 

with manual or semi-automated methods 

and the reproducibility are improved. 

A manual correction is needed 

to remove automatically 

detected hyper intense 

features. 

H
oj

ja
to

le
sl

am
i1

9
99

 Segmentation of White Matter 

Lesions from 

Volumetric MR Images[9] 

T1 Using the region growing 

method starting from the holes 

inside the segmented white 

matter 

Subjective assessment of the results 

demonstrates a high performance and 

reliability of this method based on 41 MR 

images 

Only based on T1-weighted 

image. 

Al
fa

no
2

0
0

0
 

Automated segmentation and 

measurement of global WML 

volume in patients with multiple 

sclerosis[10] 

T1,T2, 

PD 

Definition of PAWN voxels as 

Potential lesion then calculate 

the SVF, Center of mass of PL 

and surrounding WM. 

In MS patients the average WML volume 

was 31.0 ml (range 1.1– 132.5 ml), with a 

sensitivity of 87.3%. 

40 studies used for setup of 

the algorithm. 

Optimization the parameters. 

 

An
be

ek
2

0
0

4
 Automatic segmentation of 

different-sized white matter 

lesions by vowels probability 

estimation[11] 

T1,T2, 

PD, 

FLAIR 

Based on a K-Nearest Neighbor 

(KNN) classification. 

SI: similarity index 

Patients with small lesion load :SI 0.50 

Patients with moderate lesion load :SI 0.75 

Patients with large lesion load: SI 0.85 

Divided patients by lesion load. 

Quite good result and did the 

evaluation of binary 

segmentations 

La
o2

0
0

8
 

Computer-Assisted 

Segmentation of WML in 3D MR 

Images Using Support Vector 

Machine[12] 

T1,T2,P

D, 

FLAIR 

A support vector machine 

classifier is first trained on 

expert-defined WMLs, and is 

then used to classify new scans. 

true positive fraction:0.8 Did not rigorously evaluate the 

relative value of each 

acquisition protocol. 

Similar to Abeeck’s approach. 

B
oe

r2
0

0
9

 

White matter lesion extension to 

automatic brain tissue 

segmentation on MRI[13] 

T1,PD, 

FLAIR 

Atlas-based KNN classifier.  

GM is used to automatically find 

a WML threshold in a 

fluid-attenuated inversion 

recovery scan. 

WML segmentation: 

Method vs. manual SI 0.72 

Manual interobserver SI 0.75 

On six subjects 

Using the software Elastix. 

It is available at 

www.isi.uu.nl/Elastix 
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1.4.2 Discussion of previous methods 

In the past 20 years several automatic brain tissue segmentation methods have been 

proposed, often based on T1, T2, and PD MR Images. Recent studies often use 

T2-weighted or fluid attenuated inversion recovery (FLAIR) scans in which white matter 

lesions are hyper intense.[13] The advantage of incorporating information from 

multispectral MRI is that it can increase the accuracy of the segmentation. Information in 

different MRI can be complementary.  

The paper Alfano2000 [10] used T1, T2 and PD images same as where available for this 

project. The algorithm was developed and optimized in 40 studies and tested in 44 

additional studies. The position of the normal brain tissue clusters in the multi-feature 

space R1, R2, N(H) is used to identify WM, GM, and CSF. “Potentially abnormal white 

matter” (PAWM) are classified based on their position in the multi-feature space. Then 

calculate the surface-volume factor (SVF), center of mass of potential lesion and 

surrounding WM percentage (SWM%) to classify lesions. In 16 studies in MS patients, 

average lesion load was 31.0 ml (range 1.1–132.5), the method correctly classified as 

abnormal WM 87.3% of the total lesion volume. 

The algorithms of lesion segmentation can be categorized into two main categories: 

supervised voxel-wise classification and unsupervised clustering. Some data mining 

algorithms like K-Nearest Neighbor and FCM are often used in WML segmentation. Also 

the iterated conditional modes or some neural network methods like support vector 

machine can be applied for this problem. It is difficult to compare the reported accuracies 

of these WML segmentation methods. Different evaluation measures are used and some 

of these measures depend on the WML volumes of the subject. 

Moreover automatic WML segmentations are often evaluated by comparison to manual 

segmentations and the evaluation is therefore influenced by the manual segmentation 

protocol. The robustness of an automatic segmentation method can be demonstrated by 

applying the method to a large dataset. Normally about 20 datasets would be used in the 

evaluation and only a few studies evaluated their WML segmentation algorithms on 

datasets of 100 or more subjects. This is mainly because of the time-consuming of 

manual segmentation. For instance, the evaluation applied on 20 datasets in this master 

thesis. It would take 2 to 4 hours in total for segmenting one patient with 50 MRI slices. 
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2. Definitions 

2.1 Fuzzy c means (FCM) 
Fuzzy clustering is a class of algorithm for clustering the data points to fuzzy clusters. In 

hard clustering, the data is divided into distinct clusters where each element belongs to 

one cluster. In fuzzy clustering, elements can belong to more than one cluster with the 

associated probability for each cluster. These specify the strength of the association 

between elements and clusters. Fuzzy clustering is a process of assigning these 

probabilities, and then using them to assign data elements to one or more clusters. 

One of the most widely used fuzzy clustering algorithms is the Fuzzy C-Means (FCM) 

Algorithm. By given a finite collection of elements X = {x1, . . . , xn}, the FCM algorithm can 

partition into a collection of fuzzy clusters under some given standards. The result is a list 

of cluster centers C = {c1, . . . , cc} and a partition matrix U = uij, i = 1, . . . , n, j = 1, . . . , c, 

where each element represent the probability of which element xi belongs to cluster cj. 

The FCM aims to minimize an objective function. [15] 

These are the steps of fuzzy c-means algorithm: 

 Choose a number of clusters. 

 Assign the starting cluster centers.Compute the centre for each cluster. 

 For each point, compute its probability of being in the clusters.  

 Repeat until the coefficients' change between two iterations is no more than a 

sensitivity threshold. 

 

2.2 Graph Cuts (GC) 
The graph cuts algorithm, which has applied in the field of computer vision, can efficiently 

solve various early computer vision problems such as image smoothing, image 

segmentation, the stereo problem, and many other problems which can be converted into 

energy minimization. This kind of energy minimization problems can be transferred to the 

maximum flow minimum cut problem in a graph. 

GREIG et al. [16] was the first to discover this powerful min-cut/max-flow algorithms from 

combinatorial optimization can be used to minimize certain important energy functions in 

vision. The energies addressed by GERIG et al. and by later graph-based methods can be 

represented as 
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where L ={Lp |p∈Ρ}   is a labeling of pixel Ρ, Dp(-) is a data penalty function, Vp,q is an 

interaction potential, and Ν is a set of all pairs of neighboring pixels. 

 

Figure 2.1 graph cuts illustration  

All edges in graph are assigned some weight or cost. Normally, there are two types of 

edges in the graph: n-links and t-links. 

N-links connect pairs of neighboring pixels. Thus, they represent a neighborhood system 

in the image. T-links connect pixels with terminals. The cost of a t-link connecting a pixel 

and a terminal corresponds to a penalty for assigning the corresponding label to the 

pixel. 

The standard algorithms for solving the min-cut/max-flow problems can be divided into 

two groups: Godlber-Tarjan style “push-relable” methods [17] and algorithms based on 

Ford-Fulkerson style “augmenting paths”.[18] The algorithm used here was developed by 

Bokov, [19] belong to the group of algorithms based on augmenting path. 

 

2.3 Platinum 
For efficient development of image processing applications a platform has been 

developed. The platform is open source and available online 

(http://code.google.com/p/platinum-image/). The platform simplifies image processing 

collaborations and allows others to use the tools included. The code is written in C++ and 

the platform is based on ITK (www.itk.org), VTK (www.vtk.org), and FLTK (www.fltk.org). 

The applications using the platform can both run on Windows, Mac OS, and Linux. The 
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current main focus of the platform is on processing of 3D image data. Various input and 

output image formats are supported. 

 

Figure 2.2 screenshot of Platinum 

 

2.4 The PIVUS Project 
Prospective Investigation of the Vasculature in Uppsala Seniors, PIVUS and has been 

initiated at the Uppsala University Hospital, Sweden. The primary aim of the project is to 

investigate endothelial function as prospective cardiovascular risk factor in elderly 

subjects. This thesis project is part of the PIVUS project. 

 

2.5 T1, T2 and PD Image 
We use these three MRI sequences in this master thesis. 

Spin and Magnetization 

Subatomic particles have the quantum mechanical property called spin. The hydrogen 

atom consists of a proton and an electron. It has the so-called spin-1⁄2 nuclei. When 

placed in a strong external magnetic field they process around an axis along the direction 
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of the field. Protons align in two energies: low-energy and high-energy. These are 

separated by a very small splitting energy. [1] 

T1 image 

T1-weighted scans use a gradient echo sequence, with short TE (echo time) and short TR 

(repetition time). This is one of the basic types of MR contrast and is a commonly used 

clinical scan. The T1-weighting can be increased (improving contrast) with the use of an 

inversion pulse as in an MP-RAGE sequence. Due to the short TR this scan can be run 

very fast allowing collection of high resolution 3D datasets. In the brain T1-weighted 

scans provide good gray matter/white matter contrast.[1] 

T2 image 

T2-weighted scans use a spin echo sequence, with long TE and long TR. They have long 

been the clinical workhorse as the spin echo sequence is less susceptible to in 

homogeneities in the magnetic field. They are particularly well suited to edema as they 

are sensitive to water content (edema is characterized by increased water content).[1] 

Proton Density image 

Proton Density weighted scans “try” to have no contrast from either T2 or T1 decay, the 

only signal change coming from differences in the amount of available spins. It uses a 

spin echo or sometimes a gradient echo sequence, with short TE and long TR.[1] 

 

Figure 2.3 White matter in T1, T2 and PD image 
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3. Methods 

3.1 Data 
Twenty people’s datasets including T1, T2 and PD images were used in the project. They 

were randomly selected from the PIVUS image database. 

Following a table of detailed scan parameter of the MR images used in this master 

thesis. 

Table 3.1 T1, T2 and PD image  

Contrast Scan Name Orient Technique TR(ms) TE(ms) dx(mm) dy(mm) dz(mm)

T1 MPRAGE 3D Sag T1FFE(flip8) 8,6 4 0.94 0.94 1.2

T2 Double TSE Tra TSE 3000 100 0.94 0.94 3

PD Double TSE Tra TSE 3000 21 0.94 0.94 3

 

All these 20 datasets were manually segmented by the author and corrected by a 

neuro-radiologist. The manual segmentation was performed on the original T2 image and 

used PD image as reference. Of these 20 datasets 9 were used for training the program 

and 11 were used for evaluation. 

 

Image Pre-processing  

The T1 images have the higher resolution and T2, PD images have lower resolution. The 

T2 and Pd images were collecting simultaneous and are therefore perfect aligned. The 

manual segmentation was based on the lower resolution because of the time limits and 

reliability. Before the segmentation, T2 and PD image were interpolated to the higher 

resolution voxel space. After interpolating to the higher resolution, the information was 

not lost and the 3 images were easier for using at the same time. 

The lesion area in manual segmentation was marked with intensity 1000. After got the 

binary mask of the lesions, this mask also transferred to the higher resolution for the 

future comparing with automatic result which would be higher resolution. 

 

3.2 Brain tissue segmentation 
Before the WML segmentation, normal tissues, white matter (GM), gray matter (GM), 

cerebrospinal fluid (CSF) and other tissues, were first segmented. We used fuzzy c-means 

to do this job. This function was already implemented in Platinum. [20] 
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The FCM result is 4 classes with the higher intensity (brighter) represented the higher 

possibility for class belongingness.  

  

Other tissues          GM                   WM                  CSF 

Figure 3.2 FCM result 

Meanwhile, a brain mask had generated. This brain mask was a binary mask of brain only 

included the tissues in Figure 3.2. After cropping the brain with this mask, most of the 

non-brain tissue such as eyes, muscle could be removed and simplify. 

 

3.3 Aim for WML 
White matter lesions have different intensities in different MR images. The follow is the 

intensity patterns in these 6 types of images.  

Table 3.3 WML intensity patterns 

Type of lesions T1W PDw T2w T2*w T1w-Gd FLAIR 

lacunar 
infarction 

      

WM 
hyperintensities 

      

perivascular 
spaces 

      

micro-bleedings Hardly be 
seen 

Hardly be 
seen 

    

 

The first column is 4 types of WML. Old ones’ lacunar infarction might end up in the CSF 

cluster. Also WML can be divided into dots, regions and large regions. PD image can be 

scaled the contrast for easier manual WML segmentation. There are two questions may 
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be interesting for the results. How many micro bleedings can also be seen on T2 and how 

many of the lacunar infarction also have micro bleedings.  

After collected the intensity histogram of T1, T2 and PD images, the blue part is the 

lesions we are aiming for. 

 

Figure 3.4 Histogram of T1, T2 and PD intensity of voxels 

T1 

T2 

PD 
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3.4 Holes in WM : The start point 
In order to get the blue area of the histogram, some standard lesions should be defined. 

Because the heterogeneity of MR images, it was not possible to define an intensity value 

for lesions. The aiming value should be calculated according to the processing images. 

It could be supposed that some WML formed as holes in white matter. Based on the WM 

class in FCM result, threshold it with certain value, a binary mask of WM could be 

generated. Used the function fill holes in 3D, and then this holes which were the part of 

lesions could be found. 

 

Figure 3.5 Holes in white matter 

With these holes as the start point of WML, the mean value, maximal value, minimum 

value and variance of WML in T1, T2 and PD image could be calculated.  

3.5 Source cost 
The WML was defined as the source terminal which was the object in our graph cuts 

segmentation. The source cost was the weight, or cost, specifying how similar each voxels 

like WML. We calculated the source cost of T1, T2 and PD images separately and then 

combined them together with different weights. 

The source cost was assigned a value to each voxels. So it could be store as image. 

T1 source cost image 

For T1 image, Gaussian distribution was used for compute the cost. 
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Figure 3.6 T1 cost function 

2
1( )

1 exp( )
p T

p
l C

SCostT



    

Which lp was the intensity of voxel p, C was the mean value of start WML in T1 and σ

was the variance of WML in T1. The T1 source cost image typically looked like Figure 3.9: 

 

Figure 3.7 T1 cost image 

The edge of white matter and WML both appeared bright in T1 source cost image. 

T2 source cost image 

Based on the intensity patterns, WML is quite bright in T2 image but not the brightest. So 

the cost function is given as below. 

* max 2*
sin( 1)

max 2 min 2 max 2 min 2 22
2

p

p

l T
T T T TSCostT
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MaxT2 was the maximum value and minT2 was the minimum value of the start WML.  

 

Figure 3.8 T2 cost function  

CSF and WML are bright in T2 source cost image, see figure 3.11: 

 

Figure 3.9 T2 cost image 

PD source cost image 

Most of the WML, especially periventricular white matter lesions appeared almost the 

brightest in PD image. The cost function for PD image was like T2 image: 

* max *
sin( 1)

max min max min 2
2

p

p

l PD
PD PD PD PDSCostPD

  
  

    

maxPD was the maximum value and minPD was the minimum value of the start WML. 
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Figure 3.10 PD cost function 

PVWML was the brightest, also GM, CSF and other WML appeared bright in PD source 

cost image. 

 

Figure 3.11 PD cost image 

 

Combine of T1, T2 and PD 

For each voxel, the source cost value was the combination of T1, T2 and PD source cost. 

 1 2 3* cos 1 * cos 2 * cosSourceCost S tT S tT S tPD      

1 2 3 1      

1 , 2 , 3  could be adjusted in order to find the optimal combination. 

The image was like: 
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Figure 3.12 Source cost image 

As it could be seen, most of the WML appeared the brightest in the Source image. All the 

values in the image were from 0-1. 

 

3.6 Sink cost 
The terminal node sink represented the “background” label. That meant everything 

except WML. As the same as source, this sink cost could be expressed an image. 

From the visual point of the sink cost image, the WML should appear darker than other 

tissues. That meant WML voxels get lower weight in the sink cost function. 

Here the FCM result could be re-used. The four classed from FCM result meant the 

possibility to be the normal tissues in the brain. The larger the value was the higher 

probability it belonged to the class. So if combined the four FCM result images together to 

one image, for each voxel choosing the maximal value among the four images, the sink 

cost image could be created.  
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Figure 3.13 sink cost image 

For bringing the sink cost image into correspondence with the source cost, all the values 

in sink cost were scaled to the range [0, 1]. 

3.7 N-links and graph cuts 
Typically, neighboring pixels are interconnected by edges in a regular grid-like fashion. 

Edges between pixels are called n-links where n stands for “neighbor”. 

6- Neighbors system was applied in our graph cuts. The n-link function between two 

neighbors is like: 

2

,
( ) 1

exp( )*
( , )

p q
p q

l l
NC

dist p q


      [21] 

The formula is applied to T1, T2 and PD images separately and then adds up with the 

parameter α1 ,α2 ,α3 used in source cost function. σ is a parameter that can be 

adjusted. The larger the σ is , the more discrete result can be generated. This σ will 

be used in two phased of graph cut in order to get both the small lesion and large lesion. 

The graph cuts is the Min-Cut and Max-Flow problem. The algorithm used here was 

developed by Yuri Boykov and Vladimir Kolmogorov ;"An Experimental Comparison of 

Min-Cut/Max-Flow Algorithms for Energy Minimization in Vision." in IEEE Transactions on 

Pattern Analysis and Machine Intelligence (PAMI), September 2004, at Siemens 

Corporate Research.  

Algorithm description 

Two no-overlapping search trees S and T with roots at the source s and the sink t were 

maintained in the algorithm. In tree S, all edges from each parent node to its children are 

non-saturated, while, in tree T, edges from children to their parents are nonsaturated. 

The nodes that are not in S or T are called “free.”  

The nodes in the search trees S and T can be either “active” or “passive.” The active 

nodes represent the outer border in each tree, while the passive nodes are internal. The 

point is that active nodes allow trees to “grow” by acquiring new children (along 

non-saturated edges) from a set of free nodes. The passive nodes cannot grow as they 

are completely blocked by other nodes from the same tree. It is also important that active 

nodes may come in contact with the nodes from the other tree. An augmenting path is 

found as soon as an active node in one of the trees detects a neighboring node that 

belongs to the other tree.  
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The algorithm iteratively repeats the following three stages: 

“Growth” stage: search trees S and T grow until they touch giving an s  t path, 

“Augmentation” stage: the found path is augmented, search tree(s) break into forest(s), 

and 

“Adoption” stage: trees S and T are restored. [19] 

 

3.8 Result improvement 

Rules for removing non-lesions 

The GC result may contain some non-lesions area like the Figure 3.16: 

  

Figure 3.14 GC result before removing non-lesions                                  

Some rules could be used here to remove these non-lesions. 

Most of the error was found gather between the skull and brain. First calculated the 

345-distance on the brain mask from the bounds. The 345-distance was the distance 

calculation on binary image with 3 for direct link between neighbors, 4 for diagonal in one 

plane and 5 for diagonal in 3D space. Then removed the findings in area less than 10 of 

345-distance.  

In clinic, the WML will not be considered smaller than 2 millimeters, so the single voxels 

which have no neighbor was removed.  
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Some CSF and GM near WM might be recognized as WML. The follow rules were used for 

removing these non-lesions. Region growing methods was used to separate each 

connected lesions. For each lesion: 

Calculate its neighbors; if there were more non-white matters than white matters, then it 

was not WML unless it had more center points then border points. If a voxel had 

non-white matter neighbor then its border point otherwise it was center points. Because 

this kind of segmentation error was often on the connection area between WM, GM and 

CSF, also it would be very thin. 

The image after these removing steps is like Figure 3.17: 

  

Figure 3.15 WML after removing non-WM lesions. 

 

Two phases of graph cuts 

As mentioned before, WML can be divided into DWML and PVWML. The two phases of 

graph cuts means performing the graph cuts segmentation twice with different σ value 

in N-links function. 

The larger theσvalue was, the more the pixel neighborhood was trusted. This came to 

the fact that if the σ was small, then most of the lesions would be found especially 

DWML which is always like small dots. But a lot of tissues which were not WML would 

also be found and hard to use any rules to remove. If the σ was quite large, then the 

result would be WMLS with less error but some small dots would missing. 

The idea was to do the graph cuts twice with a small σ first and large σ then. 



25 

 

For the first GC result, calculated the 345-distance with WM mask; only kept the lesions 

in the area larger then a certain distance. The phase was just aiming for DWML which 

should be inside the WM. 

The second phase was the GC with large σ. The result would be performed the removing 

rules discussed above. Although some of the lesions would miss but the PVWML wont. 

The final result was created by combining from the two phases results. 

 

3.9 Manual segmentation 
The datasets were first manually segmented by the author with the software “ImageJ”. 

WMLs area was all marked with the highest intensity. The manual drawing was on T2 

image. PD image was used as reference at the same time. Because the WMLs can be 

seen clearly in PD image after change its contrast. After the neuro-radiologitst’s 

correction, the WML drawing was performed again. With the thresholding, a reliable WML 

mask can be get which will be treat as the reference binary image in evaluation. 

9 of these 20 datasets were used for training the program, and the rest was used in 

evaluation. The datasets can be divided into three categories: patients with small lesion 

load, patients with moderate lesion load and patients with large lesion load according to 

the Fazakas score. 

 

3.10 Evaluation of binary segmentations 
By compare with the automatic segmentation result and the manual reference, the true 

positives (TP) and true negatives (TN), was counted as well as the number of false 

positives (FP) and false negatives (FN). The true positive fraction (TPF), which is the 

sensitivity and the false positive fraction (FPF), which is the 1-specificity were computed. 

They are defined by: 

TP
TPF

TP FN



  

FP
FPF

FP FN
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Figure 3.16 Binary segmentation 

In addition, the binary segmentations were evaluated by similarity index (SI) [22] [23]. 

The SI is a measure for the correctly classified lesion area, where both the total area of 

WML of the reference as the area of the segmented image is taken into account. The TPF 

measures the correctly classified lesion area that is relative to only the reference WML 

area. The FPF measures the area that is falsely classified as lesion relative to the 

reference WML area. The similarity measures are defined by: 

2*

2*

TP
SI

TP FP FN


 
  

The TPF and FPF have values between 0 and 1, in which a high value represents better 

correlation with the reference, and 1 denotes that the segmentation equals the reference. 

In the literature it is stated that an SI value of 0.7 represents an excellent agreement [24]. 

The FPF has values of 0 and higher and should remain as small as possible for a good 

segmentation. 

 

3.11 Algorithm training  
There were some parameters can be adjusted in this algorithm. The program was trained 

base on the 9 datasets.  

For generating the source cost, T1, T2 and PD image were combined together with 

different weights, 1  , 2  and 3 . After compare with the manual reference, PD image 

was assigned more weight. Since PD image gives more trustworthy WML contrast. 1  , 

2  and 3  were assigned with 0.3, 0.3 and 0.4. 

FP 

TP 

FN 

Automatic segmentation 

Manual reference 

TN 
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After testing different combination for the two phases of graph cuts, σ was chosen as 

10 and 120 for the different phase. These values gave the best SI score on the 9 training 

datasets. 
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4. Results 

4.1 Evaluation of lesion score 
The 11 datasets that used for evaluation the result was first sorted and given a 

evaluation score by a neuro-radiologist based on the volume of WMLs. By comparing with 

the automatic result, the follow table could be given.  

                                

Figure 4.1 Lesion load ranking 

The automatic result and manual result was the WML volume calculated respectively 

from the automatic and manual binary WML mask and sorted. The lines link with the 

same patients. The numbers before the score are the PIVUS numbers. 

The correlation coefficient between automatic result and manual result is 0.954. 
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Figure 4.2 Numbers of WML voxels in automatic result and manual reference, the line of unity is shown. 

The Figure 4.3 shows the example of the comparison between manual reference and 

automatic segmentation.  

 

Manual reference          Automatic result          original T2 

4.2 Figure 4.3Evaluation result 
The patients were divided into three groups based on the Fazekas score. [4] 

Resample the reference to higher resolution 

Since the manual drawing was performed on the T2 image with lower resolution, in order 

to compare with the automatic result which had higher resolution. The reference image 

was resampled to the higher resolution. 

These results are based on this way. 
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Table 4.4 Result in higher resolution 

Pivus # TP FP FN SI TPF FPF 

750738 0.378  0.806  0.806 0.320 0.320 0.500 

750751 0.409  2.569  1.004 0.186 0.290 0.719 

750350 0.161  0.625  0.249 0.269 0.393 0.715 

750836 1.455  2.707  1.769 0.394 0.451 0.605 

750655 1.838  6.552  1.503 0.313 0.550 0.813 

Average 0.601  1.677  0.957 0.292 0.363 0.635 

         

750583 2.484  3.747  3.009 0.424 0.452 0.555 

750532 3.003  3.234  2.710 0.503 0.526 0.544 

750914 5.194  8.328  2.536 0.489 0.672 0.767 

750977 4.209  9.713  2.551 0.407 0.623 0.792 

Average 3.722  6.256  2.702 0.456 0.568 0.664 

         

750709 11.661  6.080  8.368 0.617 0.582 0.421 

750358 23.754  21.486  9.898 0.602 0.706 0.685 

Average 17.707  13.783  9.133 0.610 0.644 0.553 
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Resample the automatic result to lower resolution 

The evaluation can be done by instead resampling the automatic result to lower 

resolution.  

These results are based on this way. 

 

Table 4.5 Result in lower resolution 

Pivus # TP FP FN SI TPF FPF 

750738 0.411  0.771  0.740 0.352 0.357 0.511 

750751 0.453  2.712  0.949 0.198 0.323 0.741 

750350 0.180  0.673  0.260 0.279 0.410 0.722 

750836 1.673  2.410  1.331 0.472 0.557 0.644 

750655 2.097  6.023  1.251 0.366 0.626 0.828 

Average 0.963  2.518  0.906 0.333 0.455 0.689 

         

750583 2.905  3.528  2.566 0.488 0.531 0.579 

750532 3.260  2.979  2.402 0.548 0.576 0.554 

750914 5.720  7.809  2.015 0.538 0.740 0.795 

750977 4.779  9.047  2.049 0.463 0.700 0.815 

Average 4.166  5.841  2.258 0.509 0.637 0.686 

         

750709 12.581  5.310  7.390 0.665 0.630 0.418 

750358 23.430  15.616  10.399 0.643 0.693 0.600 

Average 18.006  10.463  8.895 0.654 0.661 0.509 
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5. Discussion and Conclusions 

An approach to the problem of WML segmentation has been presented based on 

multispectral MRI. By combining the three types of MRI, T1, T2 and PD, using graph cuts 

and FCM, a binary mask of WML can be generated automatically. Results agree well in 

binary evaluation were obtained. 

This automatic segmentation method could be helpful for WML research. The automatic 

processing for one patient can be done in less than 20 seconds in an ordinary computer 

while the manual segmentation could take hours. 

Graph cuts is a useful and efficient algorithm for image analysis. This master thesis is an 

attempt of using graph cuts for this WML segmentation problem. The results shows it is 

an effective and promising way for dealing the problem like this. It still can be improved 

and ameliorated in WML segmentation.  

In the 11 evaluation datasets, automatic segmentation gave a similarity ranking of the 

lesion loads compare with the visual score and manual reference. Visually speaking the 

automatic result was reliable. The segmentation got higher similarity index on those 

datasets which had higher Fazekas score. In these patients who had small lesion loads, 

the lesion always appears discrete and slight, the results was influence by the intensity 

nonuniformity artifact in MRI and other tissues around WM, especially on the border 

between WM and GM. The patients who had large lesions contain more PVWML which 

appeared massive and continuous, and these were segmented more correctly.  

Part of the inconsistency between automatic result and manual reference come from the 

resampling of data in the evaluation. Either comparing the results in lower resolution or 

higher resolution by resampling the manual reference or automatic result, some voxels 

“shift” during the resampling. This involved some error when doing the binary comparison. 

The follow picture shows one slice for the same patient’s T2 image with manual reference, 

resampled manual reference and automatic result. The manual reference is not “exactly” 

the same slice as the other three images because the interpolate function generate more 

slices, and that’s what is causing the problems. 
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Figure 5.1 lesions between resampled images 

The circled part is the inconsistent area during the resampling procedure. If look at the 

original T2 and PD image on this slice, the automatic result is more correct than the 

resampled manual reference. Same problem happened when evaluation the result by 

resampling the automatic result to the lower resolution but not as much as the other way 

round. So even the truth grand was decrease but the score was better. 

Problem could be solved by change the T1 image to lower resolution at the beginning. But 

information in T1 would still miss. It can be inferred that if the manual drawing were in 

higher resolution image, the final evaluation result could be better. This might be the best 

evaluation methods. Still due to the time consuming, we didn’t doing that way. The 

manual segmentation on high resolution would take approximately three times longer 

than the time on the lower resolution. 

Manual reference Original T2 

Resampled manual reference Automatic result 
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The condition is bit different in the low part and the top of the brain. 

 

Figure 5.2.1 Low part of the brain                Figure 5.2.2 Top of the brain 

The tissues were more complex in the lower part of the brain. Some non-WMLs could 

have similar intensity as WMLs. In the top of the brain the WML segmenting, both 

manually and automatically, was more difficult. It is not clear in the top of the brain. 

Some small dots may exist and these dots are difficult to determine lesions or not even in 

manual segmentation. The unconsistency between manual and automatic segmentation 

most come from these two parts. General speaking, according to the radiologists, the 

lesions in the middle part are more interesting. 

In which datasets, still some typical error can be found. Some tissues around the 

ventricles often have similar intensity as WML (Figure 5.3 (a)). Most of this kind of 

mistake can be removed by the removing step according to the surrounding tissues. But 

a few of them remained in some patients. Another type of mistake sometimes occurred in 

perivascular space (Figure 5.3 (b)). In grey matter it could also contain lesions, but it is 

not WML (Figure 5.3 (c)). This gray matter lesion was also considered as error finding. 

This error mainly inherited from the brain segmentation that those grey matter near the 

ventricle got low grey matter score. Some CSF also could be inaccurate segmented in the 

top of the brain of few patients. (Figure 5.3 (d)) 
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 ( a )   ( b ) 

 ( c )  ( d ) 

Figure 5.3 Typical mistakes  

Different evaluation measures are used in the previous studies of automatic WML 
segmentation and some of these measures depend on the WML volumes of the subject. 
For those which gave their similar index score, 0.5-0.8 was often got depend on the 
lesion loads of the subjects. The recent studies always used FLAIR image. It seems to 
give quite reliable information for WML segmentation. FLAIR provides the best contrast 
between periventricular WMLs and ventricles.[12] Compare with these data mining 
algorithms, graph cuts has better expansibility. FLAIR image could be added by only a few 
changes in the code as well as other MRI s sequence. It can be seen that different MR 
protocols could give complementary information for WML segmentation. If more types of 
image were added, better result can likely be achieved. 
 

So far, in the graph cuts part, the methods was only intensity based. Position information 

hasn’t been used adequately. Some mistake is ineluctable by only used intensity pattern. 

Some of the problems could be solved if the position information were taken into account. 

The graph cuts parameters were not optimal. In the future research, the parameters and 

the cost function deserve further investigation. To avoid the problem during the 
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evaluation step and get more accurate evaluation score, a manual segmentation on 

higher resolution may be needed. 

In summary, by combining three different MRI acquisition protocols and using FCM and 

graph cuts methods, a relatively robust and fully automated segmentation for WML was 

developed. This method could be applied in PIVUS project and facilitated large scale 

neuro-imaging studies. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



37 

 

References 

[1] Clinical MR Imagine-A practical Approach, 2nd edition, P. Reimer, P.M. Parizel, F.-A. 

Stichnoth(Eds.) 

[2] Periventricular cerebral white matter lesions predict rate of cognitive decline. De Groot JC, 

De Leeuw FE, Oudkerk M, Van Gijn J, Hofman A, Jolles J, Breteler MM. Ann Neurol. 2002 Sep; 

52(3):335-41.  

[3] Silent brain infarcts and white matter lesions increase stroke risk in the general 

population: the Rotterdam Scan Study. Vermeer SE, Hollander M, van Dijk EJ, Hofman A, 

Koudstaal PJ, Breteler MM; Rotterdam Scan Study. Stroke. 2003 May; 34(5):1126-9.  

[4] MR signal abnormalities at 1.5 T in Alzheimer's dementia and normal aging. Fazekas F, 

Chawluk JB, Alavi A, Hurtig HI, Zimmerman RA. AJR Am J Roentgenol. 1987 Aug; 

149(2):351-6.  

[5] Automatic identification of grey matter structures from MRI to improve the segmentation 

of white matter lesions; Warfield S, et al, Proc. of the Conf. on Med Rob and Comp Ass. Surg; 

1995. 

[6] Segmentation of multiple sclerosis lesions in intensity corrected multispectral MRI. 

Johnston, B., Atkins, M.S., Mackiewich, B., Anderson, M., IEEE Trans. Med. Imaging 15, 154 – 

169. 1996. 

[7] Multiple sclerosis lesion quantification using fuzzy-connectedness principles. Udupa JK, 

Wei L, Samarasekera S, Miki Y, van Buchem MA, Grossman RI. IEEE Trans Med Imaging. 

1997 Oct; 16(5):598-609. 

[8] A pyramidal approach for automatic segmentation of multiple sclerosis lesions in brain 

MRI. Pachai C, Zhu YM, Grimaud J, Hermier M, Dromigny-Badin A, Boudraa A, Gimenez G, 

Confavreux C, Froment JC. Comput Med Imaging Graph. 1998 Sep-Oct; 22(5):399-408.  

[9] Segmentation of White Matter Lesions from Volumetric MR Images. S. A. Hojjatoleslami, F. 

Kruggel, and D. Y. von Cramon. 1999. 

[10] Automated Segmentation and measurement of Global White Matter Lesion Volume in 

Patients With Multiple Sclerosis. Alfano, B., et al.:JMRI 12 (2000) 799–807 

[11] Automatic segmentation of different-sized white matter lesions by voxel probability 

estimation. Anbeek P, Vincken KL, van Osch MJ, Bisschops RH, van der Grond J. Med Image 

Anal. 2004 Sep;8(3):205-15.  



38 

 

[12] Computer-assisted segmentation of white matter lesions in 3D MR images using support 

vector machine. Lao Z, Shen D, Liu D, Jawad AF, Melhem ER, Launer LJ, Bryan RN, Davatzikos 

C. Acad Radiol. 2008 Mar;15(3):300-13. 

[13] White matter lesion extension to automatic brain tissue segmentation on MRI. de Boer R, 

Vrooman HA, van der Lijn F, Vernooij MW, Ikram MA, van der Lugt A, Breteler MM, Niessen WJ. 

Neuroimage. 2009 May 1;45(4):1151-61. 

[14] Classification of white matter lesions on magnetic resonance imaging in elderly persons. 

Kim KW, MacFall JR, Payne ME. Biol Psychiatry. 2008 Aug 15;64(4):273-80. Epub 2008 May 

8. 

[15] Pattern Recognition with Fuzzy Objective Function Algorithms, J.C. Bezdek, Plenum Press, 

New York, 1981 

[16] Exact Maximum A Posteriori Estimation for Binary Images, D. Greig, B. Porteous, and A. 

Seheult,J. Royal Statistical Soc., Series B, vol. 51, no. 2, pp. 271-279, 1989. 

[17] A New Approach to the Maximum-Flow Problem, A.V. Goldberg and R.E. Tarjan, “ J. ACM, 

vol. 35, no. 4, pp. 921-940, Oct. 1988. 

[18] Flows in Networks. Princeton Univ. Press, L. Ford and D. Fulkerson, 1962. 

[19] An Experimental Comparison of Min-Cut/Max-Flow Algorithms for Energy Minimization in 

Vision, Boykov, Y.Y.[Yuri Y.], Kolmogorov, V.[Vladimir], PAMI(26), No. 9, September 2004, pp. 

1124-1137. IEEE Abstract. 0409 

[20] An adaptive spatial fuzzy clustering algorithm for 3-D MR image segmentation. Liew AW, 

Yan H.  IEEE Trans Med Imaging. 2003 Sep;22(9):1063-75. 

[21] Graph cuts and efficient n-d image segmentation. Boykov,Y., Funka Lea,G. Inter-national 

Journal of Computer Vision. 69(2),109–131, 2006. 

[22] Measures of the amount of ecologic association between species. Dice, L.R., 1945. 

Ecology 26, 297–302. 

[23] Automatic morphology-based brain segmentation (MBRASE) from MRI-T1 data. Stokking, 

R., Vincken, K.L., Viergever, M.A., 2000. NeuroImage 12, 726–738. 

[24] Measurement and reliability: statistical thinking considerations. Bartko, J.J., 

Schizophrenia Bulletin 17, 1991, 483–489. 

 


