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Abstract 

Background: Glioblastomas are highly aggressive and malignant brain tumors which 

are difficult to resect totally. The surgical extent of resection constitutes a key role due to 

its direct influence on the patient’s survival time. To determine the resection extent, the 

tumor volume on pre-operative and post-operative magnetic resonance (MR) images 

should be calculated and compared. 

Materials and Methods: An active contour segmentation method was implemented to 

segment glioblastoma brain tumors on pre-operative T1-contrast enhanced MR images 

in axial, coronal and sagittal planes by self-developed software. The volume was 

rendered from the tumor contours using Delaunay triangulation. Besides the 

segmentation and volume rendering, a graphical user interface was developed to 

facilitate the rendering, visualization and volume calculation of the brain tumor. The 

software was implemented in MATLAB (version 7.2). Two MR image data sets from 

glioblastoma patients were used and the repeatability and reproducibility of volume 

calculation was tested. Dimensions of the calculated tumor volume were then compared 

to the dimensions obtained in Amira® software. 

Results: The tumor volumes for data set 1 and data set 2 were 62.7 and 39.0 cm3, 

respectively. When tumor was segmented by different users (n=4), the volumes were 

62.5 ± 0.3 and 42.6 ± 3.5 cm3. Segmentation errors were seen during the segmentation 

of data set 2. Mainly under- and over-segmentation due to hypointense MR signals 

caused by cerebrospinal fluid, or hyperintense MR signals caused by skull bone and 

weak tumor boundaries led to wrong segmentation results. 

Conclusion: Segmentation using active contours method is able to detect the brain 

tumor boundaries. The volume rendering and visualization allows the user to explore the 

tumor tissue and its surrounding interactively. Using the software, tumor volume is 

precisely calculated. 
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Abstract 

Hintergrund: Das Glioblastom ist ein hoch aggressiver und maligne Hirntumor, welcher 

schwer zu resektieren ist. Der Erfolg der operativen Entfernung hat einen direkten 

Einfluss auf die Überlebenszeit des Patienten. Um das Ausmass der Resektion 

festzustellen, wird das prä- und postoperative Tumorvolumen mithilfe von 

Magnetresonanztomografie (MRT)-Aufnahmen berechnet und verglichen. 

Materialien und Methoden: Eine aktive Kontur wurde zur Segmentierung von 

Glioblastom Hirntumoren auf präoperativen kontrastverstärkten T1-gewichteten MRT-

Aufnahmen implementiert. Die selbstentwickelte Software erlaubt die Segmentierung 

auf axialen, koronalen und sagittalen MRT-Aufnahmen. Das Tumorvolumen wurde von 

den segmentierten Tumorkonturen mittels Delaunay-Triangulation berechnet und 

dargestellt. Um die Segmentierung, Tumordarstellung und Volumenberechnung zu 

erleichtern, wurde eine grafische Benutzeroberfläche in MATLAB (Version 7.2) 

entwickelt. Zwei MRT Datensätze von Glioblastom-Patienten wurden verwendet und die 

Wiederhol- und die Reproduzierbarkeit der Volumenberechnung wurden getestet. 

Ergebnisse: Die Tumorvolumina für den Datensatz 1 und Datensatz 2 betragen 62,7 

bzw. 39,0 cm3. Die Segmentierung der Tumore durch verschiedene Benutzer (n=4) 

lieferte ein Volumen von 62,5 ± 0,3 und 42,6 ± 3,5 cm3. Die Segmentierung des zweiten 

Datensatzes verursachte Probleme wie Untersegmentierung durch Cerebrospinal-

flüssigkeit oder den Schädel sowie Übersegmentierung durch schwache 

Tumorkonturen. 

Schlussfolgerung: Aktive Konturen sind in der Lage Hirntumore korrekt zu 

segmentieren. Die Volumenberechnung und -darstellung erlaubt dem Benutzer, den 

Tumor, sein Gewebe und das umliegende Hirngewebe, interaktiv zu sondieren. Durch 

die Verwendung der Software wird das Tumorvolumen präzise berechnet. 
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1 Introduction 

Glioblastomas are highly aggressive and malignant brain tumors. Due to the tumor’s 

diffuse growth, the resection is a difficulty undertaking. The goal of a surgery is normally 

to achieve a gross total resection (GTR) because the extent of surgical resection directly 

influences the patient survival time [13]. To determine the resection extent, the tumor 

volume on pre-operative and post-operative magnetic resonance (MR) images should 

be calculated and compared. 

In clinical practice, the pre-operative and post-operative tumor volumes are often based 

on the surgeon’s impression or by measuring the greatest axis of the tumor in x-, y- and 

z-direction [13]. Hence the no precise tumor volume calculation is routinely performed. 

The objective of this thesis was to calculate volumes of glioblastomas on the pre-

operative MR images by software precisely. This includes implementation of a 

segmentation method and 3-dimensional (3D) visualization of the tumor. The 

appearance of glioblastomas on MR images varies greatly, due to tissue variation inside 

the tumor area and the diffuse growth of the tumor. Hence a variety of segmentation 

methods should be reviewed and a suitable method should be chosen to distinguish the 

tumor tissue from the surrounding brain to gain exact volume values. Moreover, the 

segmented tumors should be visualized to get an opinion about the tumor’s shape and 

location in the brain. 

MATLAB is used as programming platform to implement a graphical user interface, 

which should allow segmentation, visualization and volume calculation. To evaluate the 

segmentation method and to calculate tumor volumes, two MR image data sets are 

available. 

The thesis at hand is structured in form of theoretical background, material and 

methods, results, discussion and conclusion parts. The appendix contains software 

documentation. 



 

 

2 Theoretical Background 

To understand the main theoretical principles, anatomical and physiological aspects of 

the brain and glioblastoma, magnetic resonance imaging, and the main segmentation 

methods are described in this section. 

2.1 The Brain 

The brain is the most complex organ in humans and it is part of the central nervous 

system (CNS). It is surrounded by the skull and consists of gray matter, white matter 

and cerebrospinal fluid (CSF). The CSF supplies the brain with nutrients and hormones. 

The gray mater consists of neuron cell bodies and the white matter consists of 

myelinated axons [15]. 

The main structure of the brain is the cerebrum, which serves functions such as 

movement, sensory processing, communication or memory. It is divided in four lobes, 

which have specialized functions. The gray matter is surrounding the white matter on the 

cerebrum’s surface and comes partly below the white matter in the deep brain [15]. The 

brain and its lobes are shown in Fig. 2-1. 

 

Fig. 2-1: Lobes of the brain (not copyrighted) [17] 

2.2 Glioblastoma 

Central nervous system tumors account for ~ 2 % of all cancers [21]. Glioblastoma 

(GBM) is the most frequent and lethal brain tumor with rapid growth and poor future 

prospects. It is a subtype of gliomas, which grows diffuse and infiltrative without any 

clear borders. Glioblastoma is sometimes used with the term “multiforme” which 

suggests that the tumor is highly variable in its histopathological appearance [14]. 



 

 

The tumor often occurs in the subcortical white matter of the cerebral hemispheres. The 

most frequently affected lobes are: temporal (31 %), parietal (24 %), frontal (23 %) and 

occipital (16 %). Particularly fronto-temporal location is typical [14]. 

Glioblastoma accounts for 12 – 15 % of all intracranial neoplasms and the median 

survival age is approximately one year [13, 21]. GBM patients are treated by a surgical 

tumor resection with following radiotherapy and perhaps chemotherapy. The extent of 

the tumor resection directly influences the patient survival time. A resection with 98 % or 

more of the tumor volume leads to a median survival time of 13 months, whereas a 

resection less than 98 % decreases the median survival time to 8.8 months. The optimal 

extent depends on the tumor size and location, the patient’s general and neurological 

status and the surgeon’s experience. Moreover, factors such as the patient’s age or the 

degree of necrosis also influence the patient survival time [13]. 

2.3 Magnetic Resonance Imaging 

Magnetic resonance imaging (MRI) provides maps of anatomical structures with a high 

soft-tissue contrast. Basically the magnetic resonance of hydrogen (1H) nuclei in water 

and lipid is measured by an MRI scanner [2, 22]. The signal values are 12-bit coded, so 

4096 shades can be represented by a pixel [9]. MR scanners require a magnetic field. 

They are available at 1.5 Tesla (T) or 3 T. In comparison with the earth’s magnetic field 

(~ 50 µT) the magnetic field of a 3 T MR scanner is approximately 60’000 times greater 

[22]. 

2.3.1 Magnetic Fields of Protons 

Protons in atoms’ nuclei continuously spin around an internal axis with a given value of 

angular momentum, . This rotation creates a magnetic field orientated in the axis of 

rotation, thus it has a magnetic moment, . Fig. 2-2a shows the descripted. The 

magnitude of the angular momentum has a fixed value. The proton’s magnitude of the 

magnetic moment can be calculated by 

| | , (2.1)

where  is a proton specific constant called gyromagnetic ratio ( /2  = 42.576 

MHz/Tesla for 1H protons). Hydrogen is abundant in the human body, e.g. in water and 

lipid, therefore an MR scanner measures the magnetic resonance of hydrogen. Besides 

hydrogen, carbon (13C), fluorine (19F), phosphorus (31P), nitrogen (15N), oxygen (17O) and 

sodium (23Na) have a magnetic moment too [22]. 



 

 

2.3.2 Alignment and Precession 

Normally the orientation of the protons is random (as shown in Fig. 2-2b) however the 

sum of all magnetic moments is zero. To measure the magnetic resonance of protons, 

their nuclei’ need to be stimulated by a magnetic field . If a body is placed in a 

magnetic field , the magnetic moments being aligned at an angle of 54.7 °1 in the 

same or the opposite direction of  as shown in Fig. 2-2c [22]. 

 

Fig. 2-2: Protons within a magnetic field [22] 
Internal rotation of a proton (a), orientation without (b) and with a magnetic 
field (c). © Cambridge University Press (2011). Reprinted with permission. 

The alignment, named parallel (when the magnetic moment is in the same direction as 

) and antiparallel (when the magnetic moment is in the opposite direction as ), 

depends on the proton’s energy level. If it is a high energy level the alignment will be 

antiparallel. Weaker protons will be aligned parallel to the magnetic field. The number of 

antiparallel protons in our body is marginally lower than the number of parallel ones. The 

MRI signal depends upon the difference in populations between the two energy levels: 

 (2.2)

The balance between parallel and antiparallel aligned protons is reflected by the net 

magnetization , which has the same direction as  due to the lager amount of 

parallel aligned protons. 

As the protons are aligned in the direction of magnetic field  they start to rotate around 

the axis of , as shown in Fig. 2-3. This rotation is called precession and the rotation’s 

frequency , called Larmor frequency or resonance frequency, is given by 

, (2.3)

where  is the same constant as in (2.1) [22]. 

                                                 

1 54.7 ° because of quantum mechanics. 



 

 

  

Fig. 2-3: The proton(s) rotate(s) in an angle of 54.7 ° around the axis of B0 [22] 
© Cambridge University Press (2011). Reprinted with permission. 

2.3.3 Obtaining the MR Signal 

To obtain an MR signal a second magnetic field is needed, to cause the protons to 

resonate, which allows detecting their signal. A short radiofrequency (RF) pulse at the 

same frequency of  and orthogonal to , is applied to induce resonance. Due to the 

frequency of this RF pulse only protons with equal Larmor frequency resonate. 

The RF pulse magnetic field, , tilts the net magnetization  from z-axis to xy-plane 

because the applied RF energy causes an increase of the amount of high energy 

protons whereby the amount of parallel and antiparallel aligned protons equals. Further 

the pulse causes the proton’s magnetic moments to move into phase with each other, 

i.e. they are at the same place on the precessional path. Therefore  rotates towards 

the xy-plane with a flip angle of 90 ° at Larmor frequency  as shown in Fig. 2-4 [8, 22]. 

 

Fig. 2-4: B1 causes the net magnetization to rotate towards the xy-plane [22] 
© Cambridge University Press (2011). Reprinted with permission. 

When a coil is positioned perpendicular to the tilted net magnetization M0, according to 

Faraday’s law of induction, a current is induced into it. This current is the MR signal [8, 

22]. 

x y

z

B0



 

 

2.3.4 Relaxation Processes 

Before a RF pulse is applied the net magnetization vector  is equivalent to a 

longitudinal magnetization  (z-component of the vector). The transverse 

magnetizations  and  (x- and y-component of the vector) are equal to zero. The RF 

pulse causes  to tilt to the transverse plane, which means that  is equal to zero. 

After the RF pulse is turned off, the protons relax back to the normal balance [22, 25]. 

Fig. 2-5 shows what happens to the net magnetization after the RF pulse.  is 

completely tilted to transverse plane,  is equal to  (a). A certain time later  

increases while  decreases (b). Further  is almost equivalent to  (c). 

 

Fig. 2-5: Progression of the longitudinal magnetization after the RF pulse [22] 
© Cambridge University Press (2011). Reprinted with permission. 

The time it takes for  to recover 63 % of  after the RF pulse is turned off is called 

the T1-relaxation time (or longitudinal relaxation time). The value of  at a time  after 

an orthogonal RF pulse is given by 

1 , (2.4)

where 1 is the T1-relaxation time value for the corresponding tissue. The T1-relaxation 

is caused by the exchange of energy from protons to their environment or lattice [22, 

25]. 

A second consequence of the RF pulse is that the proton’s magnetic moments move 

into phase with each other. When the RF pulse is turned off, the magnetic moments 

begin to dephase. The time it takes for 63 % of the transverse magnetization, the x- and 

y-components M  and M  of M , to be lost is the T2-relaxation time (or transverse 

relaxation time) [22, 25]. Fig. 2-6 illustrates the dephasing process after the RF pulse is 

turned off. After the application of the RF pulse all magnetic moments are in phase (a). 

When the pulse is turned off, the magnetic moments lose phase coherence (b). The 

vector sum of all magnetic moments decreases till the magnetic moments are located 

randomly and therefore the transverse magnetization (  and ) is zero (c). 



 

 

 

Fig. 2-6: Progression of the transverse magnetization after the RF pulse [22] 
© Cambridge University Press (2011). Reprinted with permission. 

The value of  at a time  after an orthogonal RF pulse is given by 

, (2.5)

where 2 is the T2-relaxation time value for the corresponding tissue. The T2-relaxation 

time is caused by the exchange of energy between protons as result of intrinsic 

magnetic fields [22, 25]. 

Both relaxation times have various values for different tissues. To add is, that the two 

relaxation times do not correlate together, i.e. a long T1-relaxation does not mean a long 

T2-relaxation, but T1 is always greater than T2. Furthermore T1 and T2 increase as the 

magnetic field strength increases [8, 22, 25]. 

2.3.5 Image Weighting 

The MR signal intensity depends upon the two relaxation times T1 and T2 and the 

proton density in the tissue. In order to get images where the signal intensity of different 

tissue is predictable, the images can be weighted as follow: T1-weighting, T2-weighting 

and proton density weighting (PD-weighting). The contrast of a T1-weighted image 

depends predominantly on differences in T1-relaxation times. Tissues with short T1-

relaxation times such as fat are bright and tissues with long T1-relaxation times such as 

water lead to dark areas. T2-weighted images are based on differences in the T2-

relaxation times. Dark tissues such as fat have a short T2-relaxation time whereas bright 

tissues such as water have long T2-relaxation times. PD-weighed images show the 

differences in the proton densities. Tissues with a low proton density are dark whereas 

tissues with a high proton density are bright [25]. 

In order to increase the contrast between pathology and healthy tissue, enhancement 

agents such as gadolinium (Gd) may be used. Gd has a large magnetic moment, which 

triggers fluctuations in the local magnetic field near the Larmor frequency. This leads to 



 

 

a reduced T1-relaxation time of water protons, resulting in increased signal intensity on 

T1-weighted gadolinium enhanced images [25]. 

Besides the basic image weightings (T1-, T2-, PD-weighting) specialized MR scans 

exist. An example is fluid attenuated inversion recovery (FLAIR); it is used to null signals 

from fluids. FLAIR is especially applied to suppress the signal from CSF in the brain 

[25]. 

2.4 Clinical Practice of Brain Tumor Imaging 

The clinical practice of imaging patients with a suspected brain tumor is a standardized 

MRI protocol. Seven different MR sequences are performed to provide a complete MRI 

data set for one patient. The different sequence properties2 are shown in Table 2-1. 

Anatomical plane Weighting Contrast Slice thickness / Spacing between 
slices 

Sagittal T1-weighted - 5 mm / 6 mm 

Axial T1-weighted - 4 mm / 4 mm 

Axial T2-weighted - 5 mm / 6 mm 

Axial T2-weighted FLAIR - 5 mm / 6 mm 

Axial T1-weighted Gadolinium 4 mm / 4 mm 

Coronal T1-weighted Gadolinium 4 mm / 4 mm 

Sagittal T1-weighted Gadolinium 5 mm / 6 mm 

Table 2-1: MRI scan protocol for brain tumor patients 
 

T1-weighted images are first taken without and then with contrast agent (gadolinium). 

These images show hyperintense and irregular tumor margins. Surrounding low-signal 

components correspond to the surrounding brain tissue that is often diffusely infiltrated 

by tumor cells. Hyperintense tissue that appears in both image types is related to recent 

bleeding and the tissue that appears hyperintense in T1-weighted contrast enhanced 

images only, is considered to be malignant tumor [3, 21]. 

On T2-weighted images the solid part shows hyperintense characteristics [20, 21]. 

Edema around the tumor shows less hyperintense signal than the solid tumor part but 

more intense signal than healthy brain tissue. Both T2-weighted with and without FLAIR 

can be used to identify edema. To separate CSF from edema, T2-weighted FLAIR 

sequences are preferred since the CSF shows no signal. Tumor necrosis is often 

                                                 

2 Used at University Hospital in Linköping. 



 

 

located in the tumor center. On T2- and T1-weighted images necrosis appears 

hyperintense and hyper-, iso- or hypointense, respectively [21]. 

Fig. 2-7 shows a glioblastoma in the left temporal lobe acquired in a 1.5 T MRI scanner. 

A solid mass lesion with edema around the tumor is distinguishable. Fig. 2-7a and b are 

T1-weighted and T2-weighted, respectively. A large tumor area consists of necrosis 

(hypo- and hyperintense on T1- and T2-weighted images, respectively). The edema 

around the tumor can be identified on the T2-weighted or T2-weighted FLAIR (c) 

images, where it appears hypointense in relation to the bright necrosis. In comparison to 

the T2-weighted, the CSF on the T2-weighted FLAIR has no hyperintense 

characteristics. Fig. 2-7d shows the tumor after gadolinium contrast medium application. 

The tumor borders are well enhanced and the necrosis inside the bright borders is 

noticeable. 

Fig. 2-7: MR images of a glioblastoma 
T1-weighted (a), T2-weighted (b), T2-weighted FLAIR (c) and T1-weighted 
contrast enhanced (d) 

2.5 MR Image Representation 

MR images are grids of pixels with  rows and  columns. Every pixel of an MR image 

corresponds to a voxel, a volume element, whose values represents the tissue and MR 

signal, respectively. The volume of a voxel depends on MR scan parameters, i.e. slice 

thickness and pixel spacing. 

MR images are usually delivered in DICOM (Digital Imaging and Communications in 

Medicine) format. Besides the MR image, DICOM-files contain information about the MR 

scan and patient. Normally an MR scan acquires more than one slice, which leads to an 

image sequence  with  slices as shown in Fig. 2-8. The size of the shown 

image sequence is 512 512 9. The spacing between slices is 5.5 mm. 



 

 

 

Fig. 2-8: An MR image sequence with 5.5 mm spacing between slices 

2.6 Segmentation 

Medical images are used to obtain information about the anatomical structure of organs 

e.g. information about location or size of tumors. To extract structures of interest 

automatically by software, segmentation methods may be used. Segmentation divides 

an image Ω into disjoint and connected sections Ωλ with semantic meaning [19]. 

To distinguish the available segmentation methods it is useful to classify them. In 

literature various classifications can be found. The following classification is based on 

the image information, which is used to perform the segmentation [6]. 

 Pixel based methods 

 Region based methods 

 Edge based methods 

 Model based methods 

For every class different procedures exist. The next sections give an overview on the 

main segmentation methods and determine the usability for medical segmentation and 

the segmentation of GBM. 



 

 

2.6.1 Pixel Based Methods 

Pixel based methods use the gray scale value of MR images to distinguish different 

segments such as object and background. The decision whether a pixel from an image 

,  belongs to the object or is not defined by a threshold value  as 

,
1, ,
0,

, (2.6)

where ,  is a binary threshold image. Pixel with value 1 corresponds to the object 

and pixel with value 0 to the background. The challenge is to select the threshold value, 

or values if more than two sections should be detected [1, 6]. Fig. 2-9 shows a pixel 

based method segmentation of an axial MR image of a head with a GBM. The threshold 

value is set to 25 (pixel values range from 0 to 993 in the original image). Due to noise 

some white parts are remaining outside the head. Moreover some CSF was not 

detected correct. 

Fig. 2-9: Pixel based segmentation of an axial MR image of head 
 

Pixel based methods are not suitable for advanced segmentation due to the variability of 

anatomy and MR data, as well as image artifacts [6]. 

2.6.2 Region Based Methods 

Region based methods are based on homogeneity criterion between neighboring pixels, 

which needs to be fulfilled [19]. A common region based method is region growing. The 

region growing algorithm looks for groups of pixels with similar gray values. At the 

beginning a pixel that belongs to the structure of interest is taken as start point (called 

seed point). The procedure looks at the neighboring pixels and adds them to the object if 

they are similar (according to a similarity threshold). Each added pixel becomes a new 

seed point whose neighbors are inspected. The algorithm finishes if no more pixels can 

be allocated. It is also possible to start with multiple seedpoints [6, 19]. 



 

 

Fig. 2-10 shows the algorithm’s principle. There are two objects in different gray shades 

(a). The green pixel indicates the seedpoint with the neighboring pixels, as shown in (b) 

and (c) respectively. Fig. 2-10d shows the state after the first iteration, green pixels were 

added to the object. The final segmentation result, after three iterations, is shown in (h) 

[6, 19]. 

Fig. 2-10: Principle of region growing segmentation [19] 
 

Advantages of this method are generation of connected areas and its sensitivity to 

gradual changes. Disadvantages are possible leakages or over-segmentation on diffuse 

object borders. Moreover it might be sensitive to noise and shadings. Thus only solid 

regions with well-defined object borders can be successfully identified [6]. 

2.6.3 Model Based Methods 

Model based methods use a priori knowledge (e.g. size, shape) of the organ to be 

segmented. It is based on the assumption that the object of interest has a characteristic 

shape and appearance. By matching a model, which contains information about the 

object to be extracted, with an image it is possible to segment the object. To gather the 

model information a large population of the segmented objects needs to be examined by 

statistical means, leading to a statistical shape model (SSM) [2, 9, 11]. 

If an SSM exists, it can be used by an algorithm such as active shape model (ASM) for 

segmenting the object. An ASM is a search algorithm, which uses a special SSM, e.g. a 

point distribution model, to segment the object. From an initial state, the algorithm 

calculates adjustments for each point by evaluating a better position for that point. 

Afterwards the algorithm updates the model parameters to minimize the distances to the 



 

 

best fitting positions. Thus the model gets closer to the object. The algorithm ends when 

no better positions can be found. Fig. 2-11 shows the algorithm’s principle. The model 

with its point distribution is located upper left to the gray object (a). Then the algorithm 

evaluates better positions for the model points (b). Finally the model gets closer to the 

object (c) [2, 9, 11, 23]. 

 

Fig. 2-11: Principle of the ASM algorithm [11] 
 

The performance of model based segmentation is closely linked to the quality of the 

SSM. If 90 % of the object’s shape and appearance variations can be captured by a 

model, model based segmentation leads to considerable results. This means deep brain 

or cardiac structures and most bones are ideal for shape modeling but random shapes 

like tumors are unsuitable candidate objects [2, 11]. 

2.6.4 Border Based Methods 

Border based methods search for borders between different segments based on 

intensity changes along object boundaries. Active contour models (similar used are: 

deformable models, snakes, balloons) are efficient algorithms to segment objects where 

pixel and region based methods fail e.g. because of the variability of object shapes, 

diffuse boundaries, noise or artifacts. Active contours are especially suitable for objects 

with variable boundary intensity [9, 12, 23]. 

Active contours are curves defined within an image area that can move under influence 

of internal forces and external forces. Internal forces are defined within the curve itself 

and keep the model smooth during deformation. External forces are defined by the 

image data and they move the model toward an object boundary. The contour is defined 

as 	 , , ∈ 0,1  and its energy function is 

, (2.7)



 

 

where  represents the internal energy,  represents the external energy and 

 is the energy of constraint forces, e.g., user interaction. To find an object’s 

boundary the contour’s energy 	  needs to be minimal [9, 12, 23]. 

Internal Energy 

The internal energy can be written as 

, (2.8)

where the first term is related to the arc length and the second term is related to the 

curvature. The parameter  is the “tension” and  is the “rigidity”. Thus they 

control the elasticity and the curvature [9, 12, 23]. 

External Energy 

The external energy depends on the content of the image i.e. it needs to be defined 

specifically. As an example two energy functions to detect edges or lines on images are 

introduced. Eg. (2.9) is the energy function that leads the active contour toward edges: 

, (2.9)

where 0 is a weighting factor,  is a grey-level image and  is the gradient 

operator [12]. 

If lines need to be detected, following function leads to results: 

, (2.10)

where 0 is a weighting factor and  is a grey-level image [12]. 

Energy Minimizing 

In accordance with the calculus of variations, the contour  which minimizes the 

energy  must satisfy the Euler-Lagrange equation 

0. (2.11)

This equation expresses the balance of internal and external forces when the contour 

rests at equilibrium. The first two terms represent the internal forces, while the third term 

represents the external forces. Internal forces are stretching and bending forces, 

respectively. The external force pulls the contour towards the object boundaries [1]. 

 



 

 

To find a solution to Eq. (2.11), the contour is made dynamic by treating  as a 

function of time  leading to 

, , (2.12)

where the term on the left side is the partial derivate of  with respect to . A solution 

for Eq. (2.11) is achieved when ,  stabilizes and thereby the left side vanishes. 

Thus, the minimization is solved by placing an initial contour on the image and allowing 

it to act according to Eq. (2.12) [1, 23]. 



 

 

3 Material and Methods 

This section contains a description of the patient data sets used and the development 

environment. Further the methods to perform the segmentation, visualization and 

volume calculation in addition to evaluation methods implemented are descripted in 

detail. 

3.1 Software 

The programming is performed in MATLAB, version 7.12.0.635 (R2011a, 64-bit) from 

MathWorks, Inc. (Natick, MA; United States), with included Image Processing Toolbox™ 

(version 7.2, R2011a). The operating system is Mac OS X Lion (10.7.4). The chosen 

methods were integrated into a graphical user interface (GUI) written in MATLAB. 

3.2 Data Sets 

For the algorithm development and testing two data sets were used. Both sets consist of 

seven pre-operative MR sequences of the patient’s head as described in Table 2-1. The 

segmentation and visualization on pre-operative images was performed on the T1-

weighted gadolinium enhanced sequences of the data sets as they best display the 

malignant tumor boundaries. Detailed image properties of the sequences used are 

shown in Table 3-1. 

Data set Data set 1 Data set 2 

Width x Height 512 x 512 pixel 512 x 512 pixel 

Number of slices 29a, 31c, 35s 30a, 37c, 25s 

Slice thickness 5 mm 4 mm 

Spacing between slices 5.5 mm 4.4 mm 

Pixel spacing 0.44922 mm 0.4492 mm 

Magnetic field strength 1.5 T 3 T 

Tumor location frontal lobe temporal lobe 

Slices with tumor 16 – 25a, 14 – 23c, 6 – 15s 6 – 14a, 10 – 19c, 18 – 25s 
aaxial, ccoronal, ssagittal 

Table 3-1: Properties of patient’s T1-weighted gadolinium enhanced sequences 
 

Fig. 3-1 shows a montage of the T1-weighted gadolinium enhanced sequence of data 

set 1 with the slices where the tumor appears (from slice 16 above left to slice 25 below 

right). The glioblastoma is located in the right frontal lobe and has well-defined, bright 

boundaries. Necrosis is usually located inside the tumor. 



 

 

 

Fig. 3-1: T1-weighted gadolinium enhanced images of data set 1 (slices 16 to 25) 
 

Fig. 3-2 shows a montage of the axial T1-weighted gadolinium enhanced sequence of 

data set 2 with the slices where the tumor is visible (from slice 6 above left to slice 14 

below right). The tumor is located in the left temporal lobe and its boundaries are bright 

but not always well defined. Moreover the tumor is located close to the skull and CSF. 

 

Fig. 3-2: T1-weighted gadolinium enhanced images of data set 2 (slices 6 to 14) 



 

 

3.3 Segmentation 

3.3.1 Choice of Segmentation Method 

In consideration of the high diversity of the appearance of GBM, pixel based methods 

are inappropriate. To prevent over-segmentation due to weak boundaries region based 

segmentation is not considered suitable either. Model based methods might be able to 

lead to segmentation results as desired but because of unavailable amount of sample 

data and the variant form of tumors, it is not possible to extract a statistical significant 

SSM. In conclusion, to fulfill the segmentation requirements, the active contour method 

is chosen. 

Several active contour methods with a slightly different approach than the original 

method from [12] are in use for medical image segmentation. In [10] the most common 

methods used were reviewed. They showed that for gap or blurry edges, such as it is 

the case for glioblastoma tumors, the traditional method with an added balloon force [7] 

leads to the best qualitative results. Other widely used methods such as a gradient 

vector flow (GVF) active contours [4] showed crossing over the blurry boundary parts. 

3.3.2 Implementation of Active Contour 

The active contour is implemented as it is proposed in [26] with a greedy algorithm. 

Appendix A contains pseudocode for the algorithm. The quantity being minimized is 

, (3.1)

where  represents the arc length and  represents the curvature of  in Eq. 

(2.8),  the external energy and  the balloon force. , ,  and  are weighting 

factors for the arc length, curvature, external energy and balloon force, respectively. In 

the discrete case the contour is approximated by  points such that , ,

1… . The energies in Eq. (3.1) are calculated for each contour point within its 

neighborhood. Note that  and  are the previous and next point of point  and  

is a point in the neighborhood of . 

The continuity term  is calculated by 

′ ̅ ‖ ‖ , (3.2)

where ̅ is average distance between the contour points. 

The curvature term  is calculated as 

‖ 2 ‖ . (3.3)



 

 

The external energy  in Eq. (3.1) is defined as edge detector function by 

‖ ∗ ‖ , (3.4)

where  is a grey-level image,  is a two-dimensional Gaussian function with standard 

deviation	  and  is the gradient operator. This external energy leads to small values on 

edges and large values on smooth regions. 

The balloon energy  defined as 

‖ ‖ , (3.5)

where  is the normal unitary vector to the curve at point . 

Fig. 3-3 illustrates the algorithm’s principle. In each iteration, the energies for every point 

 within a neighborhood of point  are calculated. The point is then moved to the pixel 

with the lowest energy. The square-values in Fig. 3-3 represent the energies within a 

3 3 neighborhood. Therefore  moves to the upper right square, which has the lowest 

energy.  and  are the previous and next point of point . 

 

Fig. 3-3: Principle of the greedy algorithm 
 

After all contour points are moved to their new positions, the curvature for each contour 

point is calculated again by 

‖ ‖ ‖ ‖
, (3.6)

where	 ,  and , . The reason for 

calculating the curvature again, is to locate contour points, where the curvature  is 

high; the weighting parameter  is then relaxed, means 0. Hereby a corner is 

allowed at this contour point.  is relaxed, when the following conditions hold true: 

 The curvature of v  has to be larger than v  and v  

 The curvature has to be larger than a threshold value (threshold1) 



 

 

 The magnitude of the gradient at v  has to be larger than a threshold value 

(threshold2) 

The greedy algorithm terminates, when the number of points moved in the current 

iteration is below a threshold (called threshold3) or a maximum number of iterations has 

been performed [24, 26]. 

3.3.3 Algorithm’s Behavior 

To fully segment the tumor, the algorithm has to be applied to each slice where the 

tumor appears. First the user defines the initial contour by drawing a polygon or a 

freehand contour around or inside the tumor area. This initial contour should be as close 

as possible to the tumor boundary. The user-defined contour is interpolated using cubic 

spline interpolation to gain  contour points. After starting the segmentation, the 

algorithm calculates the neighborhood for each contour point and moves them to the 

new minimal energy, which causes the contour to move toward the tumor boundary. The 

segmentation stops when the iteration count reaches its maximum value or the 

termination statement is true. If the segmentation result is not as precise as expected, 

the contour points can be moved into the correct position by mouse. The final contour is 

plotted using again cubic spline interpolation between the contour points. 

The balloon energy	  can be either set positive or negative (controlled by weighting 

factor ). Positive balloon energy causes the active contour to shrink, i.e. the initial 

contour has to be defined outside the tumor. Negative balloon energy causes the active 

contour to expand, i.e. the initial contour has to be defined inside the tumor. 

Default weighting factors , ,  and  were estimated by trial and error. For strong 

tumor boundaries following factor values are proposed: 1.5, 2.5, 2 and 

0.5. If the tumor has weak boundary parts, the factors should be chosen as 1.5, 

2.5, 3 and 0.5. The neighborhood-size is 5 5 and the contour consists of 

50 points. The Gaussian filter has a size of 9 9 standard deviation is set to	 3. 

3.3.4 Evaluation of Segmentation 

The segmentation method was evaluated with a performance analysis and 

reproducibility (or inter-observer variability) as well as repeatability (or intra-observer 

variability) statements. 

The performance analysis is determined by comparing the computational time of 10 

dummy segmentations with a contour defined by 50 points. The algorithm has to iterate 

50 times till the segmentation finishes. 



 

 

The method’s behavior and limitations were tested during the segmentation of data set 1 

and 2. The main attention is set on the influence of the initial contour position. 

3.4 Volume Rendering and Visualization 

To build and visualize a 3D model of the tumor, the tumor first needs to be segmented 

on the MR slices using the active contour segmentation method. This segmentation 

extracts tumor contours on the slices. The contour points are used to build up a 3D set 

of points (“point cloud”), which allowed generating a tetrahedral mesh using the 

Delaunay triangulation. To generate the final surface plot of the tumor model the surface 

of the tetrahedral mesh is visualized. The surrounding area of the tumor and the tumor 

tissue itself can be explored by adding moveable image slices in all three anatomical 

planes. 

Fig. 3-4 illustrates the principle of the 3D model visualization with three random 

contours. The contours are shown in red, green and blue, respectively (a). The contour 

points are building a 3D set of points. Using the Delaunay triangulation a mesh is 

generated (b), which can be used to visualize the object’s surface (c). 

 

Fig. 3-4: Principle of the 3D model rendering and visualization 
 

The correct position of a contour point in relation to the other points in the 3D space is 

defined by the MR scan properties image position, image orientation and pixel spacing, 

which are delivered as DICOM attributes for each slice, and can be calculated by 

1

∆ ∆ 0
∆ ∆ 0
∆ ∆ 0
0 0 0 1

| |

0
1

, (3.7)

where  are the point coordinates in units of mm,  the values of the image 

position attribute,  and  the values of the image orientation attribute, ∆  and ∆  

the pixel spacing attribute and  and  the horizontal and vertical spatial pixel 

coordinates on the image [18]. 



 

 

3.5 Volume Calculation 

The MATLAB function for the Delaunay triangulation constructs a mesh from the 

segmented tumor contours. The position of every contour point in the point cloud is 

defined by , , and , the point coordinates in units of mm, as discussed in section 

3.4. The volume inside the surface mesh is then calculated by the convexhull function in 

mm3. 

3.5.1 Evaluation of Volume Rendering and Calculation 

To evaluate the tumor model visualization and the calculated volume the commercial 

software Amira® (version 5.4.2) from Visage Imaging, Inc. (San Diego, CA; United 

States) is used. By reason, that Amira does not allow a Delaunay triangulation of the 

segmented data, the volumes cannot be directly compared. Therefore the volume 

rendering and calculation is evaluated by comparing the longest distances in x-, y- and 

z-direction of two 3D models. The tumor was manually segmented in Amira on the 

sagittal slices of data set 1 and compared with the segmentation obtained by the active 

contour. 

Precision of volume calculation method was evaluated by its repeatability and 

reproducibility. Mean, standard deviation and standard error were obtained. 



 

 

4 Results 

The results acquired during the thesis are described in this section. The segmentation, 

visualization and volume calculation on pre-operative images were performed using the 

T1-weighted gadolinium enhanced sequences of the data sets. Both data sets were 

segmented by four different people (A, B, C, D) to obtain evaluation data. Furthermore 

person A segmented both data sets five times. The initial contour was drawn and the 

final segmentation was accepted by the users’ subjective opinion. The segmentation 

properties (e.g. the weighting factors) were chosen as proposed in section 3.3.3 for all 

the test users. The segmentation algorithm took in average 2.2 seconds3 to execute. 

4.1 Graphical User Interface 

The GUI allows the user to load MR image sets from the DICOM file format, exploring 

the loaded data slice by slice and perform segmentation on the slices. Once the 

segmentation is finished, the software can build a 3D model of the tumor, visualize it and 

calculate the tumor volume. Fig. 4-1 shows the developed GUI with an axial MR image 

displayed. Appendix B contains an activity diagram of the software. 

 

Fig. 4-1: Graphical user interface with displayed axial MR image 

                                                 

3 MacBook Pro (mid 2009), 2.8 GHz Intel Core 2 Duo, 4 GB 1067 MHz DDR3 



 

 

4.2 Segmentation 

The segmentation procedure is shown in Fig. 4-2. The user defines an initial contour by 

drawing a polygon (a) and sets the algorithm properties (e.g. weighting factors) prior to 

the segmentation start. The interpolated initial contour is shown in blue (b). After starting 

the segmentation, the algorithm moves the contour points towards the tumor boundary 

(c) till the final segmentation result is achieved (d). 

Fig. 4-2: Segmentation procedure 
The user defines an initial contour by drawing a polygon (a), the software 
interpolates the user drawn initial contour (b), the algorithm iterates (c) and 
leads to a segmented tumor (d). Initial contour is blue, active contour is 
yellow. 

4.2.1 Data Set 1 

Fig. 4-3 shows the segmented tumor contours on slices 16 – 25 (above left to below 

right) of the axial T1-weighted gadolinium enhanced sequence. The yellow contours 

represent the segmented tumor contours. 

Fig. 4-3: Segmented tumor contours of data set 1 
 

The initial contours (not shown) were defined by the user and the weighting factors were 

chosen as follows: 1.5, 2.5, 2	 	3 and 0.5. 



 

 

4.2.2 Data Set 2 

The tumor of data set 2 was segmented on slice 6 – 14 (above left to below right) of the 

axial T1-weighted gadolinium enhanced sequence. The segmentation results are shown 

in Fig. 4-4. The segmented tumor contours are shown in yellow. 

Fig. 4-4: Segmented tumor contours of data set 2 
 

The initial contours (not shown) were defined by the user and the weighting factors were 

chosen as follows: 1.5, 2.5, 3 and 0.5. 

4.2.3 Errors of Segmentation 

Common errors during the segmentation process are shown in Fig. 4-5. Undesired 

segmentation results are mainly under-segmentation, over-segmentation and clustering 

as shown in (a), (b) and (c), respectively. Red circles indicate the errors. 

 

Fig. 4-5: Segmentation problem cases 
Under-segmentation (a), over-segmentation (b) and clustering (c). 
Segmented contour is in yellow; red circles indicate errors. 



 

 

4.3 Volume Rendering and Visualization 

The segmented tumor of data set 1 is visualized as in Fig. 4-6. The glioblastoma is 

shown in red with a slightly transparent surface (sagittal view). The enhanced white part 

is the tumor boundary and the dark part inside is necrosis. All three anatomical planes 

were added. The software allows the user to move the planes interactively by dragging 

them with the mouse. Therefore the user can change the angle of view. 

 

Fig. 4-6: Visualization of segmented data set 1 
The tumor is shown in red with a slightly transparent surface. 

Fig. 4-7 shows the 3D tumor models of data set 1 (a) and data set 2 (b) with their 

dimensions in millimeter. 

 

Fig. 4-7: 3D tumor model of data set 1 (a) and data set 2 (b) 



 

 

4.4 Volume Calculation 

The calculated tumor volumes of data set 1 and data set 2 are shown in Table 4-1. 

Every data set was segmented on each anatomical plane five times by the same user 

(repeatability columns) and four times by different users (reproducibility columns). All 

segmentation properties were the same for the users. 

Data set 1 Data set 2 

Repeatability Reproducibility Repeatability Reproducibility 

62.37 cm3 62.37 cm3 38.51 cm3 38.51 cm3 

62.76 cm3 62.78 cm3 37.83 cm3 41.80 cm3 

63.70 cm3 62.61 cm3 40.14 cm3 46.84 cm3 

62.35 cm3 62.04 cm3 39.13 cm3 43.42 cm3 

62.07 cm3 - 39.61 cm3 - 

Table 4-1: Repeatability and reproducibility of volume calculation 
 

Statistical values of the calculated volumes are shown in Table 4-2. 

 Data set 1 Data set 2 

 Repeatability Reproducibility Repeatability Reproducibility

Mean 62.65 cm3 62.45 cm3 39.04 cm3 42.64 cm3 

Standard deviation 0.6363 0.3209 0.9066 3.4646 

Standard error 0.2846 0.1605 0.4054 1.7323 

Table 4-2: Statistical volume calculation results 

4.4.1 Influence of Image Planes on Volume 

The tumor is ideally segmented on all three anatomical planes. However, the model can 

also be built by segmenting just one anatomical plane. Due to the MR scan properties 

slice thickness and distance between slices, the volume rendering and therefore the 

volume calculation will give different results. Fig. 4-8 illustrates the influence on the 

volume rendering based on one plane. The 3D model in Fig. 4-8a is built by just using 

the coronal slices for segmentation. The tumor is recognizable on slice 22 whereas slice 

23 contains no more information about the tumor. Therefore data is missing on the 3D 

model’s endpoint; the model is “cut off”. This missing data can be obtained by 

segmenting images in a minimum of one more plane (two planes in total); however, 

using all three anatomical planes will give a more precise result. Fig. 4-8b shows that 

the sagittal plane (slice number 12) contains the missing data (hyperintense part). 



 

 

 

Fig. 4-8: Influence of using one image plane for segmentation 
 

Table 4-3 contains the calculated volumes for the cases, all three anatomical planes, 

two anatomical planes or one anatomical plane is used to build the 3D model and 

calculate the volume of data set 1. 

All Axial Coronal Sagittal 

62.37 cm3 58.32 cm3 56.46 cm3 55.56 cm3 

Axial-coronal Axial-sagittal Coronal-sagittal  

60.88 cm3 60.77 cm3 60.16 cm3  

Table 4-3: Volume results depending on the image planes 

4.4.2 Evaluation of Volume Rendering and Calculation 

The longest distances in x-, y- and z-direction for the reference model (segmented in 

Amira) and the model based on the implemented methods are shown in Table 4-4. 

 x-direction y-direction z-direction 

Reference model 48.0665 mm 49.5 mm 47.186 mm 

Method model 44.1498 mm 50.7617 mm 47.8877 mm 

Difference 3.9167 mm -1.2617 mm -0.7017 mm 

Difference in pixels 9 3 2 

Table 4-4: Evaluation of the volume rendering and calculation 
 

By reason, that Amira does not allow a Delaunay triangulation of the segmented data, 

the volumes cannot be compared. 



 

 

5 Discussion 

This section discusses the methods and the results. An overview about possible 

improvements, which might lead to better results, and future prospects are included. 

5.1 Segmentation 

Segmentation using an active contour was implemented as it provided a suitable and 

easy platform for detecting errors and adjusting parameters. The computational time 

was reasonable but to reduce the user interaction and to avoid segmenting on each 

slice, an active surface [16] may be used. Active surfaces have a similar concept to 

active contours but in contrast to an active contour, they are used for segmentation in 

the 3D space. The user defines only one initial surface, e.g. a sphere, instead of defining 

initial contours on each slice. 

Drawing the contour inside the tumor area and using a negative weighting factor  for 

the balloon energy led to the segmentation of the necrosis only. Therefore, the initial 

contour was drawn outside the tumor and  was chosen to be positive. 

5.1.1 Data Set 1 

The segmentation of data set 1 has shown that the algorithm is stable and leads to 

precise results in reproducibility as well as repeatability if the tumor boundaries are well 

defined. Two parameter sets (for strong and weak boundaries) are enough to obtain 

reasonable results. Further the definition of the initial contour did not affect the 

segmentation result. 

5.1.2 Data Set 2 

Segmentation of data set 2 has shown, that in presence of other local minima than the 

tumor boundary, such as skull or CSF, the segmentation leads to under-segmentation. 

Adjusting the weighting factors might solve this problem. Furthermore the initial contour 

influences the segmentation result strongly if other local minima are present. User with 

more experience can overcome this problem by identifying possible local minima and 

define the initial contour according to his/her experience. The segmentation difficulty of 

data set 2 is noticeable in the higher standard deviation than for data set 1. Moreover 

the reproducibility shows a significant higher standard deviation due to the missing user 

experience. 



 

 

5.1.3 Errors of Segmentation 

Under-segmentation occurred when the active contour did not successfully move 

towards the tumor border, as shown in Fig. 4-5a. This case was mainly caused by 

inappropriately placed initial contours especially in data set 2. Reinitializing the initial 

contour closer to the tumor boundary can prevent it. Another option to overcome under-

segmentation is e.g. adjusting the weighting factor , so that the balloon energy gets 

stronger. 

On the other hand, over-segmentation occurred when the active contour did not stop at 

the tumor border and continued segmenting inside the tumor area as shown in Fig. 4-5b. 

This case is caused by the weak intensity of the tumor boundaries. To prevent over-

segmentation, e.g. the external energy weighting factor γ can be adjusted. 

The third problem case is clustering; therefore the moving contour builds cluster(s) as 

shown in Fig. 4-5c. Clustering appears, when too many points in relation to the contour 

length discretize the contour. It can be avoided by reducing the contour points. 

5.2 Volume Rendering and Visualization 

The volume visualization allows exploring the tumor itself as 3D model or with added 

MR image slices in all three anatomical planes. Furthermore it is possible to explore the 

brain from each point of view. Anatomical planes in addition to a slightly transparent 

tumor model provide the user with an excellent impression about the patient’s 

pathological state. To get an assumption about the tumor dimensions, the visualization 

displays the size in millimeters. 

5.3 Volume Calculation 

The volume calculation of data set 1 has shown, that for both repeatability and 

reproducibility the precision is high whereas data set 2 showed a lower precision 

especially for the reproducibility statement. As discussed in section 5.1.2, the 

segmentation result was strongly related to the user’s experience of drawing initial 

contours, thus the volume calculation results are influenced by the segmentation results. 

5.3.1 Influence of Image Planes on Volume 

The amount of segmented image planes used to build the 3D model directly influences 

its appearance. Moreover, the volume calculation result depends on the 3D model. 

Thus, to get an accurate rendering and volume calculation result, the tumor should be 

segmented on all three anatomical planes. As shown in Table 4-3, already a 



 

 

segmentation of two anatomical planes leads to a significant more precise rendering and 

volume result. 

5.3.2 Evaluation of Volume Rendering and Calculation 

The evaluation has shown, that the distances in x-, y- and z-direction are almost equal. 

Differences in the range between 2 and 9 pixels are caused by segmentation 

differences. 

5.4 Accuracy 

To get a statement about the accuracy of the segmentation and thus the calculated 

volumes, the segmentation results should be compared with a neuroradiologist’s 

opinion. The incorporated neuroladiologist had no time to segment a golden standard. 

Her statement was, that the tumor boundaries are defined at the gradient from the brain 

tissue to the hyperintense tumor part. According to that, in the cases of well defined 

tumor boundaries, such as on the most slices in data set 1, the segmentation led to an 

accurate result. Unfortunately it is not possible to give a statement about the 

segmentation on slices with weak tumor boundaries without a golden standard. 

5.5 Future Work 

In future, the implemented segmentation method can be improved in different ways. 

Most importantly is to solve the under- and over-segmentation errors. Expect the 

Gaussian filter, no more image pre-processing was performed to calculate the external 

energy. Especially for tumor shapes as in data set 2, image pre-processing might be 

useful to obtain better image gradient values and therefore a stronger external energy at 

weak tumor boundaries. Contrast enhancement may lead to a higher gradient at the 

tumor boundaries. An enhanced contrast can e.g. be reached by applying a non-linear 

intensity transform, such as a Sigmoid-shaped intensity transform [2]. 

As proposed in [5], to overcome the clustering, a deletion and insertion process for the 

contour points can be added. The algorithm will remove or insert contour points if the 

distance between two neighboring points is too short and long, respectively. Moreover, 

this might lead to a more accurate segmentation when the tumor boundary is highly 

irregular. Furthermore they proposed new termination criteria for the greedy algorithm, 

which may lead to a reduced amount of iterations. 



 

 

6 Conclusion 

In this thesis, a variety of segmentation methods were reviewed and an active contour 

segmentation was implemented to segment the brain tumor glioblastoma on MR 

images. The segmented tumor contours were used to render and calculate the tumor 

volume. The tumor volume was visualized in 3D. Software with graphical user interface 

for segmenting and visualizing glioblastoma from MR images was developed in 

MATLAB. Two MR image data sets were analyzed using the software and the calculated 

tumor volumes were compared to diagnosis of a neuroradiologist and to the dimensions 

obtained by other standard software. Repeatability and reproducibility of the volume 

calculation method was tested. 
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A Active Contour Pseudocode 

calculate average distance between points 
calculate contour points normals 
calculate external energy 
 
run = true 
 
while (run) 
 for (all contour points) 
  calculate E

cont
, E

curv
, E

ext
 and E

bal
 for all neighboring points 

  normalize the energies 
  calculate the total energy for all neighboring points 
  move point to new location of minimum energy 
 end 
 
 for (all contour points) 
  if (relaxing criteria) 
   relax curvature weighting for current point 
  end 
 end 
 
 if (termination criteria) 
  run = false 
 else 
  calculate average distance between points 
  calculate contour points normals 
 end 
end 



 

 

B Software Activity Diagram 
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