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Volume rendering (VRT) has been used with great success in studies of patients using computed
tomography (CT), much because of the possibility of standardizing the rendering protocols. When using
magnetic resonance imaging (MRI), this procedure is considerably more difficult, since the signal from
a given tissue can vary dramatically, even for the same patient. This thesis work focuses on how to
improve the presentation of MRI data by using VRT protocols including standardized transfer functions.
The study is limited to exclusively examining data from patients with suspected renal artery stenosis. A
total number of 11 patients are examined.

A statistical approach is used to standardize the volume rendering protocols. The histogram of the image
volume is modeled as the sum of two gamma distributions, corresponding to vessel and background
voxels. Parameters describing the gamma distributions are estimated with a Maximum-likelihood
technique, so that expectation (E1 and E2) and standard deviation of the two voxel distributions can be
calculated from the histogram. These values are used to generate the transfer function. 

Different combinations of the values from the expectation and standard deviation were studied in a
material of 11 MR angiography datasets, and the visual result was graded by a radiologist. By
comparing the grades, it turned out that using only the expectation of the background distribution (E1)
and vessel distribution (E2) gave the best result. The opacity is then defined with a value of 0 up to a
signal threshold of E1, then increasing linearly up to 50 % at a second threshold E2, and after that a
constant opacity of 50 %. The brightness curve follows the opacity curve to E2, after which it continues
to increase linearly up to 100%.

A graphical user interface was created to facilitate the user-control of the volumes and transfer
functions. The result from the statistical calculations is displayed in the interface and is used to view and
manipulate the transfer function directly in the volume histogram.
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Abstract 
 
 
 
Volume rendering (VRT) has been used with great success in studies of patients 
using computed tomography (CT), much because of the possibility of standardizing 
the rendering protocols. When using magnetic resonance imaging (MRI), this 
procedure is considerably more difficult, since the signal from a given tissue can vary 
dramatically, even for the same patient. This thesis work focuses on how to improve 
the presentation of MRI data by using VRT protocols including standardized transfer 
functions. The study is limited to exclusively examining data from patients with 
suspected renal artery stenosis. A total number of 11 patients are examined. 
 
A statistical approach is used to standardize the volume rendering protocols. The 
histogram of the image volume is modeled as the sum of two gamma distributions, 
corresponding to vessel and background voxels. Parameters describing the gamma 
distributions are estimated with a Maximum-likelihood technique, so that expectation 
(E1 and E2) and standard deviation of the two voxel distributions can be calculated 
from the histogram. These values are used to generate the transfer function.  
 
Different combinations of the values from the expectation and standard deviation 
were studied in a material of 11 MR angiography datasets, and the visual result was 
graded by a radiologist. By comparing the grades, it turned out that using only the 
expectation of the background distribution (E1) and vessel distribution (E2) gave the 
best result. The opacity is then defined with a value of 0 up to a signal threshold of 
E1, then increasing linearly up to 50 % at a second threshold E2, and after that a 
constant opacity of 50 %. The brightness curve follows the opacity curve to E2, after 
which it continues to increase linearly up to 100%. 
 
A graphical user interface was created to facilitate the user-control of the volumes 
and transfer functions. The result from the statistical calculations is displayed in the 
interface and is used to view and manipulate the transfer function directly in the 
volume histogram. 
 
A transfer function generated with the Maximum-likelihood VRT method (ML-
VRT) gave a better visual result in 10 of the 11 cases than when using a transfer 
function not adapting to signal intensity variations. 
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1 Introduction 
 
 
 
The latest generation of computed tomography (CT) and magnetic resonance 
imaging (MRI) scanners generate datasets of rapidly increasing size. Obstacles 
associated with handling and analysis of these large-scale datasets is of growing and 
immediate concern. Medical diagnoses require focused research to solve data 
navigation and management problems, so that the possibilities of the new 
technologies can be fully exploited. It is then important that the radiologists can 
perform fast and reliable analysis of the data.    
 
This study focuses on developing a technique to standardize volume rendering 
protocols of datasets from MRI scanners, by extracting parameters from the image 
histogram. A graphical user interface is used to give a visual overview and control of 
the transfer function.   
 
The thesis work is commissioned by Center for Medical Image Science and 
Visualization (CMIV) of Linköping University, Sweden. CMIV is a multidisciplinary 
research center providing solutions for tomorrow’s clinical issues. At CMIV, 
methods and tools for medical imaging analysis and visualization are developed. 
 
 

1.1 Background 
In order to improve the usability of medical imaging, volume rendering is used to 
facilitate analysis of three-dimensional data. Volume rendering (VRT) has been used 
with great success in studies of patients using CT, much because of the possibility of 
standardizing the rendering protocols, based on a knowledge of the gray-scale values 
for given tissues. Each tissue has approximately the same density value from time to 
time. Using this knowledge, transfer functions can be defined with characteristic 
color and opacity for each type of tissue. The transfer functions can then be reused 
in new examinations of the same organs with the same or a different patient.  
 
When using MRI this procedure is considerably more difficult, since the signal from 
a given tissue varies from patient to patient and from examination to examination. 
The signal variations are due to the choice of sequence, the sensitivity profile of the 
coil, characteristics of the patient and the automatic calibration of the camera. 

 1



CHAPTER 1 
 

1.2 What has been done earlier 
Two examples of recent research in the area of standardizing the MR Image intensity 
scale are discussed in this section. For information about the intensity scale, see 
section 2.2.3. 
 
The first study proposes a two-step post processing technique [1]. This technique is 
based on transforming the intensity histogram of each given volume image into a 
“standard” histogram. This is achieved in two steps, a training step and a linear 
transformation step. In the training step, a set of volume images of the same body 
region and protocol corresponding to a number of patients is given as input. The 
parameters of a “standard” histogram are estimated from these image data. In the 
linear transformation step, the volume image histogram is deformed to match the 
“standard” histogram estimated in the training step. By matching the specific body 
region and protocol from the training step, the correct parameters for the 
transformation are utilized. The transformed volume images permit predetermined 
display window settings and also facilitate quantitative image analysis. With standard 
histograms, it is then possible to use the same transfer function for a specific body 
region on different patients, or repeated examinations in the same patient.  
 
The second method uses a process of identifying percentiles [2] in Magnetic 
resonance angiography (MRA) datasets of the renal arteries. When the patients are 
injected with a contrast agent the arteries obtain a higher intensity than other tissues. 
The standardization is built upon on a simple technique, were the 95th percentile and 
the 99th percentile are identified in the volume image histogram. The identification 
process is done by hand, using the histogram function in the volume rendering 
software. The two percentiles are then used to set the transfer function. The 95th 
percentile is assumed to represent a border voxel and the 99th percentile a typical 
voxel in the central part of the arteries. As long as the arteries constitute 
approximately five percent of the total volume, this method works well. It is, 
however, more difficult to apply to other anatomical regions. 

1.3 Assignment 
Within this work, the technique using VRT-protocols based on percentiles will be the 
starting point for developing a new technique. The goal is to find a method to 
standardize volume rendering protocols for MRA datasets, by studying the volume 
histogram. This should be done with a statistical approach. When the appropriate 
method is selected, the aim is to automatically exclude volume data that are of no 
interest in a visual study and display only the vessels. The study is limited to patients 
with suspected renal artery stenosis. Parameter adjustments and function control 
should be managed from a graphical user interface. 

1.4 Structure of this thesis 
The structure of this report is based on the traditional way of writing technical 
reports. After the introducing part the reader will have a theoretical background 
presented in chapter 2. With this necessary background, chapter 3 and 4 will explain 
how the different methods are used and how information is displayed. The clinical 
evaluation is described in chapter 5 and the results in chapter 6. Finally the complete 
work is discussed in chapter 7.  
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2 Theory 
 
 
 
This chapter is divided into six main parts. The two first sections give an 
introduction to different acquisition techniques, such as computed tomography and 
magnetic resonance imaging. Since this thesis work uses magnetic resonance imaging 
exclusively there will be a more detailed discussion concerning this modality. Part 
three describes different rendering methods and the possibilities with transfer 
functions. Different statistical tools and search algorithms are discussed in part four 
and five. The last section introduces the file format of the image slices. 
 
 

2.1 Computed Tomography 
Computed tomography imaging (CT) uses a sequence of X-ray projections to acquire 
the data. The X-ray tube is mounted on one side and a number of detectors are 
mounted on the other side of the scanner (Figure 1).  
 

 
Figure 1. Reconstruction of a slice in a CT scanner. 

 
The detectors measure the amount of radiation that passes through the different 
tissues. This value is measured in Hounsfield units (HU), and different tissues 
correspond to different HU values. The HU scale is the same for all patients, as it is 
defined by the attenuation of air (-1000 HU) and water (0 HU). A large number of 
1D X-ray projections are collected by rotating the source detector device [3]. All the 
1D projections are used to reconstruct the 2D slice-planes, most commonly with the 
filtered back-projection algorithm [4]. The patient is moved through the system and a 
series of slices are obtained. The slices are then gathered together into a volume of 
data to complete the study [5]. CT scanners offer a detailed view of many types of 
tissues, especially bone and blood vessels. In a 12-bit CT image the HU values vary 
from -1000 to about 1000, were e.g. bone has a value of 500 and over.  
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2.2 Magnetic Resonance Imaging 
Magnetic resonance imaging (MRI) produces a stack of 2D images or a single 3D 
image [6]. For the image generation in MRI, a combination of a strong static 
magnetic field and time varying magnetic field gradients are used to induce a radio 
frequent (RF) signal. The magnetic fields make the hydrogen nuclei in the human 
body (water and fat) emit RF signals as an echo of RF signals sent into the body. The 
fundamental property is called nuclear spin, where the particles undergo a transition 
between two energy states by absorption of photons. The acquired signal is 
transformed to the image domain using a 2D or 3D Fourier transform. 
 
In order to discern different tissues, there must be a contrast or a difference in signal 
intensity between adjacent tissues. This can be accomplished in numerous ways. 
Introducing a chemical contrast medium into the body is a means to enhance the 
contrast between blood vessels and its surroundings. The most common contrast 
medium is a complex of the paramagnetic Gadolinium ion. The paramagnetic effects 
increase the strength of RF signals emitted by the surrounding hydrogen nuclei. In 
general, contrast enhancement is the result of one tissue having a higher affinity or 
vascularity than another. Most tumors, e.g., have a greater Gadolinium uptake than 
the surrounding tissue.    
 
MRI is very useful in diagnosing a variety of conditions and disorders affecting e.g. 
blood vessels, the central nerve system, orthopedic structures and abdominal and 
pelvic organs. 

2.2.1 Acquisition Parameters 
As mentioned earlier, there must be a difference in signal intensity between tissues 
that are to be distinguished. The signal intensity is described by the signal equation 
for the specific pulse sequence used.  
 
The acquisition parameters that are exploited in MRI can be divided into two main 
groups, the intrinsic variables and the instrumental variables. The intrinsic variables 
are the spin-lattice relaxation time (T1), spin-spin relaxation time (T2), and the spin 
density (ρ). These variables are the properties of the spins in a tissue. Both T1 and T2 
are tissue-specific time constant for protons, where T1 is a measure of the time taken 
to realign with the external magnetic field and T2 is dependent on the exchange of 
energy with nearby nuclei. Due to the relaxation properties, differentiation between 
different tissues in the body is possible. The values of these quantities change from 
one tissue to another. The most important instrumental variables, or pulse 
parameters are the repetition time (TR), echo time (TE) and for certain sequences, 
inversion time (TI). TE is defined as the time between the start of the RF pulse and 
the maximum in the signal. The sequence is repeated every TR seconds. Variation in 
the values of TR, TE and TI has an important effect on the control of image contrast 
characteristics between different tissues. Figure 2 illustrates the difference when TE 
is changed from 20 ms to 80 ms. 
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Figure 2. Slice of a head. TE is set to 20ms in the left slice and to 80ms in the right slice. [6] 

2.2.2 Image Intensity Scale 
MRI intensities do not have a fixed meaning, not even within the same protocol, for 
images obtained on the same scanner, for the same patient, or not even for the same 
body region. It is difficult to express the voxel values in a standardized scale since the 
scan parameters can be achieved from a large number of possible combinations, 
including the acquisition parameters mentioned above as well as a number of 
parameters which are usually not controlled by the user, such as the sensitivity of the 
receive and transmit coils and the gain in the receiver hardware. With this difficulty 
the MR images can not often be displayed at preset windows, instead the window 
settings have to be adjusted for each case. This intensity problem also causes 
difficulties in quantification and segmentation [1]. 
 
As a consequence, each volume has its own intensity histogram with its specific 
intensity scale (Figure 3). The x-axis represents the different intensity values and its 
range varies from case to case. The lowest value represents the background (black) 
and the highest values are some kind of tissue with high intensity (bright). The 
number of voxels is represented along the y-axis. 
 

 
 

Figure 3. Volume histogram. 
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2.3 Volume Rendering 
Since CT and MRI produce large quantities of 2D images, conventional methods 
where images are studied one at a time are difficult and time-consuming. Instead the 
stack of images can be transformed into a volumetric dataset and then visualized 
using volume rendering. When analyzing data in three or more dimensions, effective 
visualization techniques are required. These rendering techniques will be discussed 
more in detail in section 2.3.2. Volume rendering is used to generate images that 
represent an entire 3D dataset in a 2D image. The first step before the volume can be 
displayed on the computer screen is to assign brightness, opacity and color to each 
grayscale value [5]. This is accomplished by the transfer function, described in the 
next section. When the transfer function is assigned the image can be rendered. 

2.3.1 Transfer Function 
Transfer functions are very important in the volume rendering process, since they 
determine the outcome of a voxel. The transfer function assigns opacity, brightness 
and color to each voxel in the dataset. Setting the color value is referred to as color 
mapping. The brightness value determines how much light each voxel emits, higher 
values increase the intensity. An opacity value that is zero gives an entirely 
transparent voxel, and a value that is one gives a totally opaque voxel. In this way 
certain voxels can be excluded, and then give a volume where the area of interest is 
more visible to the user. The transfer function generation is also the most difficult 
procedure in the whole volume rendering process, especially for MRI datasets where 
the intensities do not have a fixed meaning. A number of methods for standardizing 
the transfer function generation has been examined and developed with varying 
results. This is easily done for CT volumes were the intensities are almost fixed, bone 
for example has an intensity value from around 500 and above. 
 

 
Figure 4. Histogram (black curve) with a transfer function curve (red). 

 
When the transfer function is set (Figure 4), different techniques are used to render 
the volume, see part 2.3.2. 
 
There are three different principles to generate the transfer function. These ways of 
working gives the user different possibilities to influence and control the result.  
 

• Manual generation. 
Gives the user total control to manipulate all parameters manually. 
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• Semi-automatic generation  
Initial parameters guide the user to set the final value of the parameters. 
 

• Automatic generation 
All parameter values are generated automatically and leave the user with no 
possibility to control the transfer function.    

2.3.2 Rendering Techniques 
There are three groups of volume rendering techniques (VRT), Image-Order Volume 
Rendering, Object-Order Volume Rendering and Domain Volume Rendering. 
 
Image-Order rendering is often referred to as ray casting. The basic idea of ray 
casting is that the value for each pixel in the image is determined by sending a ray 
through the pixel into the volume, illustrated in figure 5. 
 

 
Figure 5. Ray casting 

 
Data that are encountered along the ray are sampled at a given interval. Each 
sampled value is mapped to a color and opacity value according to the transfer 
function in Volume Rendering [5]. Maximum intensity projection (MIP) is a 
common alternative simple rendering operation. The MIP technique finds the voxel 
with the highest intensity value along every ray, and only the voxels with the highest 
values will be displayed. 
 
In Object-Order rendering two different mapping techniques can be used, back-to-
front or front-to-back. These techniques process samples in the volume based on the 
organization of the voxels in the dataset. If the back-to-front method is used and two 
voxels are projected to the same pixel in the image plane, the first voxel is 
overwritten since it is at a greater distance than the second one. Voxel traversal starts 
at the voxel that is farthest from the image plane and continuous until all voxels have 
been visited, see figure 6. In the front-to-back technique the voxel traversal starts at 
the voxel that is nearest the image plane. When a voxel is projected to a pixel in the 
image plane, other voxels that are projected to the same voxel are ignored, since the 
first one hides them. The MIP operation can be processed in any order and still yield 
correct results. Texture mapping is a special case of Object-Order rendering 
performed in hardware using 2D or 3D textures [5]. 
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Figure 6. Object-order, back-to-front 

 
An example of domain rendering is Fourier volume rendering. This technique will 
not be discussed in this work. 
 
Not all volume rendering methods fall cleanly into the image-order or object-order 
category. There are for example methods of volume rendering that traverse both 
image and object space at the same time. There are also methods for volumetric 
illumination, where lighting effects are added to improve the understanding of the 
3D structure (and not only to give more fancy-looking images).  

2.3.3 Texture Mapping 
Texture mapping is a technique to add detail to an image without requiring modeling 
detail. Texture mapping can be thought of as pasting a picture to the surface of an 
object. This requires two pieces of information: a texture map that consists of color 
and/or opacity values and texture coordinates that specifies the location of the 
texture. The texture data can be applied in several ways. For each texel (texture 
element) in the texture map, there may be one to four components (intensity map, 
RGB or RGBA) that affect how the texture map is pasted onto the surface of the 
underlying geometry. This is described by an array filled with color and/or opacity 
values for each texel [5]. Volume rendering with texture mapping can use either 2D 
or 3D texturing techniques. The two following sections describe the techniques in 
detail. 3D texturing often requires rendering hardware, described in the last section. 
 
2D Texture Maps 
The volume of voxels is sliced into a stack of two dimensional textures. The 2D 
texture planes are equally spaced and perpendicular to one of the x, y or z axes 
(Figure 7).  
 

 
 

Figure 7. 2D texture stacks in x, y and z directions 
 
All three texture stacks are loaded into the texture memory. Each slice, which is a 
rectangular polygon, is projected to show the entire 2D texture. When rendering the 
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volume, one of the stacks in figure 7 is used, depending on which stack faces the 
observer to the greatest extent. At the edges and areas with high frequency content, it 
may become noticeable that a stack of planes approximates the volume. Then it may 
be necessary to use an interpolation method to extract additional slices from the 
volume in order to reduce artifacts. On the other hand, a larger number of slices 
increase the rendering time and the amount of required texture memory, which can 
make the application slow during interaction. 
 
The texture can also contain alpha-values that are used to make parts of the 
underlying geometry transparent. Ray casting can be simulated with appropriate 
blending functions enabled [7]. 
 
3D Texture Maps 
In most cases 3D textures are supported only by high-end hardware. The mapping 
technique still uses 2D textures, but they are stored as a 3D volume in the hardware. 
Since the hardware interpolates a set of equally spaced planes along the viewing 
direction, the slicing can be performed directly. In this way, the volume is sliced into 
planes that are perpendicular to the view axis, illustrated in figure 8. It is now 
impossible to see between the texture planes since the polygons has its normal 
vectors directed towards the observer, which means that the space between the 
planes is mostly hidden behind other planes. This procedure prevents the artifact that 
occurs in 2D texture mapping.  
 

 
 

Figure 8. 3D texture polygon 
 
Graphics Hardware 
In order to use 2D or 3D texture mapping, the graphic hardware must support these 
techniques. Unlike 2D hardware, 3D texture hardware is capable of loading and 
interpolating between multiple slices in a volume by utilizing 3D interpolation 
techniques. In 3D texture mapping hardware the entire volume is loaded into the 
texture memory once as a preprocessing step. If the whole volume does not fit in the 
texture memory the dataset is split into subvolumes. Special care must be taken to 
ensure that image artifacts do not occur between the subvolumes. [5] 
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2.4 Statistical Tools 
There are numerous ways of representing a statistical distribution. All depend on the 
type of available data and how it should be represented. 
 
In section 2.4.1 the basic statistical terms and expressions are briefly discussed. In the 
subsequent two sections, the normal distribution and gamma distributions are 
discussed, and the last section includes a description of the Maximum-likelihood 
method [8]. 

2.4.1 Basics 
Stochastic Variable 
A stochastic variable is a real-valued number, defined on a sample space. The 
number is not known before the trial, but it is determined by which outcome is going 
to appear. The stochastic variable is denoted with a capital letter, i.e. X, Y… 
 
Measures of Central Tendency 
The most common measure of central tendency is the expectation. The expectation 
is defined as the central point of the mass distribution. The definition follows by 
expression 2.1 [9]. 
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Measures of Dispersion 
Variance and standard deviation are the most common measures of dispersion (also 
known as spread), a measurement of how scattered or concentrated the distribution 
is around the expectation. First, all the distances from the expectation are squared, 
and then the average of these are formed, which gives the variance (expression 2.2) 
[9]. 
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      (2.2) 

 
The next step is to take the square root of the variance to get the appropriate unit. 
This will result in the standard deviation. The standard deviation for the stochastic 
variable X is shown in equation 2.3. 
 

( )XVar=σ   (2.3) 
 

10 



THEORY 
 

2.4.2 Normal Distribution 
The normal distribution [8], often referred to as a Gaussian distribution, is a two-
parametric family of curves and has a symmetrical density function (Figure 9). The 
normal distribution is the most common distribution in statistical theory. It is easy to 
use since it has several good mathematic properties. 
 

 
Figure 9. Normal distribution, density function  

 
A continuous stochastic variable X is said to be a normal distribution if the density 
function has the form of equation 2.4. 
 

( )
( )

2

2

2

2
1 σ

µ

πσ

−
−

=
x

exf   (2.4) 

 
The variable X is often written in the form N(µ,σ). By varying the value of µ and σ, 
the shape of the density function is changed. As mentioned earlier, µ and σ 
correspond to expression 2.1 and 2.3. If X is given by N(µ,σ), then expression 2.5 
and 2.6 are valid, 
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i.e. the parameters are the expectation and the standard deviation respectively. The 
standard normal distribution (written Ф(x)) sets µ to 0 and σ to 1. 
 
The usual justification for using the normal distribution for modeling is the Central 
Limit Theorem, which states that the sum of independent samples from any 
distribution with finite expectation and variance converges to the normal distribution 
as the sample size goes to infinity. 
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2.4.3 Gamma Distribution 
The gamma distribution [8] is also a family of curves based on two parameters and 
has a non-symmetrical density function, see figure 10.  
 

 
Figure 10. Gamma distribution, density function 

 
The stochastic variable X has the density function given in expression 2.7, 
 

( ) ( )
⎪⎩

⎪
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Γ=

−−

0 if                             0

0 if    1 /1

x

xex
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axp
p
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where Г is the gamma function, see expression 2.8. X has a gamma distribution when 
p > 0 and a > 0. When p is large, the gamma distribution closely approximates a 
normal distribution with the advantage that the gamma distribution has positive 
density only for positive real numbers. 
 

( ) ( )∫
∞

−− >=Γ
0

1 0    pdxexp xp  (2.8) 

2.4.4 Maximum-Likelihood Function 
The maximum-likelihood (ML) method is one of several estimation techniques. The 
ML-method often gives estimators that are more effective than all other unbiased 
estimators [8]. 
Assume that x1, x2,…,xn is an observed random sample on a stochastic variable X, 
whose probability function depends on the parameter θ. The ML-estimation is the 
value of θ that maximizes the probability for the observed random sample, i.e. the 
value maximizing the likelihood function. The likelihood function is defined by 
equation 2.9. 
 

( ) ( ) ( ) ( )
( ) ( ) ( ) ( ) discrete     ;...;;

continuous    ;...;;

21

21

θθθθ

θθθθ

np

nf

xpxpxpL

xfxfxfL

⋅=

⋅=
 (2.9) 

 
If X is a continuous stochastic variable then the density function is given by f(x;θ), 
and if X is discrete the probability function is given by p(x;θ). The density or 
probability function could e.g. be given by the gamma distribution, mentioned in the 
previous section. 
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The idea underlying the ML-method is the following: In the likelihood function the 
parameter θ adopt all values in the parameter space A, and search for which value of 
the parameter that maximizes the function. This value is called θ* and is returned as 
the estimation. Loosely speaking, the likelihood of a set of data is the probability of 
obtaining that particular set of data given the chosen probability model. This 
expression contains the unknown parameters. Those values of the parameter that 
maximize the sample likelihood are known as the maximum- likelihood estimates 
[10]. 

2.5 Search Algorithm 
To be able to use the maximum-likelihood function, a search algorithm has to be 
implemented. The search algorithm finds a minimum of a function of several 
variables. Two different search techniques are discussed below. Both are 
implemented in Matlab. 
 
fminsearch 
fminsearch finds the minimum of a function of several variables, starting at an initial 
estimate. This is generally referred to as unconstrained nonlinear optimization. 
 

x = fminsearch(fun,x0,options)  (2.10) 
 
Expression 2.10 starts at the point x0 and finds a local minimum x of the function 
(maximum-likelihood) described in fun. Different optimization parameters are 
specified in the structure options, such as maximum number of iterations and function 
evaluations allowed. fminsearch uses a simplex search method called Nelder-Mead 
[11]. This is a direct search method that does not use numerical or analytic gradients. 
fminsearch only minimizes over real numbers. [12] 
 
fmincon 
This method finds a constraint minimum of a scalar function of several variables 
starting at an initial estimate. fmincon is generally referred to as constrained 
nonlinear optimization.   
 

x = fmincon(fun,x0,A,b,Aeq,beq,lb,ub,nonlcon,options) (2.11) 
 
Basically, fmincon (expression 2.11) does the same as fminsearch. The method starts 
at x0 and attempts to find a minimum x to the function described in fun. The 
difference is that fmincon uses a number of constraints, such as lower and upper 
bounds and linear and nonlinear equalities/inequalities. This method also uses 
different optimization parameters specified in options. The type of options to be used 
depends on whether a medium-scale or large-scale algorithm has been defined. The 
large-scale algorithm is a subspace trust region method and is based on the interior-
reflective Newton method. The medium-scale algorithm uses a sequential quadratic 
programming method. fmincon only handles real variables and real-valued objective 
functions and constraint functions. [12]  
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2.6 File Format 
The Digital Imaging and Communications in Medicine (DICOM) standard was 
created by the National Electrical Manufacturers Association (NEMA) to aid the 
distribution and viewing of medical images, such as CT and MRI.  
 
A single DICOM file contains both image data and a header. The header gives all 
kind of information about the type of scan, the patient, image dimensions etc. Each 
image stores 8 bits (256 levels) or 16 bits (65,535 levels) per sample: some scanners 
save data in 12-bit resolution. Because of the high bit depth, medical images will 
maintain high contrast and level of detail. DICOM is the most common standard in 
the area of medical imaging [13]. 
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3 Methods 
 
 
 
This chapter accounts for how the work was carried out, and it is divided into three 
main parts. The first part describes the data acquisition, how the volumes were put 
together and processed to fit the application. The second part explains how the 
statistical techniques and methods were used. Finally a detailed description is 
outlined of how the transfer functions were generated. 
  
All the processing and calculations of image data have been done using Matlab with 
suitable toolboxes. The image volumes were visualized with a 3D texture mapping 
technique, using an SGI Onyx2 equipped with an InfiniteReality graphics pipe.  
 
 

3.1 Data Acquisition 
Data volumes from 11 patients with suspected renal artery stenosis have been 
analyzed in this study. The patients were examined in a 1.5 T General Electric Signa 
Horizon scanner or a 1.5 T Philips Achieva scanner, after injection of a Gadolinium 
contrast agent.  

3.1.1 Creating a Volume 
All datasets were imported from PACS using View Forum. PACS is a database for 
storage and handling of diagnostic image data (for both clinical use and research). 
Each dataset consists of a number of image slices that are exported as DICOM files. 
The image slices are saved in a catalogue during the examination of the patient. This 
often results in several datasets in the same catalogue.  
 
In association with the image toolbox in Matlab, several functions for reading 
DICOM files were used. A series of important properties was collected from the 
DICOM header (section 2.6), such as image resolution, number of slices and image 
time. The image time parameter specifies which image that belongs to a certain 
volume. There could be, e.g., three different studies at the time, of the same body 
part, resulting in three different volumes. By choosing all slices with the same image 
time, one of the three studies was selected and the image slices of that particular 
study was imported to Matlab. 
 
The first step in the process of creating a volume was to define the resolution. By 
extracting information such as width and height from the DICOM header, a pre- 

 15



CHAPTER 3 
 

defined array was made. Each location in the empty array was filled with an image 
slice, which in the end resulted in a stack of image slices. The final array now 
represents the volume and can be forwarded to the volume renderer (developed by 
Andreas Sigfridsson [14]). The workflow of this process is illustrated in figure 11. 
 

 
Figure 11. Workflow of how the volume is put together. 

 
Certain adjustments were made before the volume was exported to the volume 
renderer. Header data from the DICOM files were used to locate the orientation of 
the volume, to find out if the image slices began posterior or anterior. This depends 
on which direction the MRI camera started in. These calculations were based on the 
information of the orientation and position of the patient. The algebraic expression 
for scalar triple product (3.1) was used for the calculations. 
 

( )
⎩
⎨
⎧
−

•×
orientated negative ,, if 
orientated positive ,, if    

      
wvuw
wvuw

wvu   (3.1) 

    
The orientation header data consists of six values, where the first three components 
is the x-vector and the last three components is the y-vector. Together they represent 
a xy-plane. By taking the cross product of the x and y components an orientation 
vector perpendicular to the xy-plane was obtained. Finally by taking the dot product 
of the orientation vector and the position of the patient component, a positive or 
negative value was obtained (expression 3.1). Positive values correspond to image 
slices with anterior orientation and negative values to posterior orientation. This 
information is important so that the orientation box in the volume renderer view 
corresponds to the actual orientation of the volume. Mismatching orientation 
between the volume and the orientation box would be devastating in a clinical use, 
since it could result in incorrect diagnoses. Displaying the image slices in the wrong 
direction could give a reversed image volume, where for an example the right and left 
kidney were mixed up. The orientation box is located in the lower right corner 
according to figure 12.  
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Figure 12. Volume renderer view with an orientation box 
 
The thickness of the image slices also varies from patient to patient, like the spacing 
between the pixels and slices. By extracting this information from the header data, 
scaling factors was calculated for the x-, y- and z-component. The image volume was 
then stretched or squeezed together to get the appropriate proportions. 
 
To be able to visualize the image volume in the renderer, the intensity values of the 
image volume need to be between 0 and 255. In cases with a wider range some kind 
of scaling was required. Section 3.1.2 discusses this procedure.    

3.1.2 Adjusting the Intensity Values 
The rendering software requires that the intensity values are in the range of 0 and 
255, corresponding to a resolution of 8 bits. Several volumes in this work have a 
dynamic range of 12 bits, with values between 0 and 4096. In order to rescale the 
intensity values to fit the required 8-bit range, expression 3.2 was used, also described 
as normalization. The rescaling process makes the intensity with the lowest value to 
begin at zero and the highest value to end at 255. 
 

255
minmax

min ⋅
−

−
=

xx
xxxnew   (3.2) 

 
The x variable represents the intensity values in the dataset, xmin and xmax correspond 
to the minimum and maximum intensity value in the volume dataset. 
 
Expression 3.2 only changes the dynamic range, not the shape of the intensity 
histogram. This property is fundamental in order to be able to examine the 
volumetric data in a satisfying way. How the data are examined will be discussed in 
section 3.2 where the statistical method is described in detail. 
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3.2 Statistical Methods  
The basic idea was to model the histogram of the image volume as the sum of two 
statistical distributions, corresponding to vessel and background voxels. At first, 
different distributions were suggested. When the appropriate distribution was 
selected, parameters from the composite statistical distribution were estimated with a 
Maximum-likelihood method. 
 
This section will exclusively discuss how an appropriate distribution was chosen and 
how the statistical application was created. Methods of how to affect the problem 
will also be explored.  

3.2.1 Composite Gamma Distribution 
Several types of distribution were investigated, such as Normal-, Gamma-, Weibull- 
and Exponential distribution. Even a combination of two different distributions was 
thought of as an alternative. Properties from the different methods were compared 
and the shape of the different image volume histograms was studied. By these 
comparisons the gamma distribution was the most appropriate candidate, since its 
non-symmetrical density function matched the shape of the image volume 
histograms. 
 
As mentioned in section 2.4.3, the gamma distribution is a two-parametric curve, 
which means that the composite distribution is described by five parameters, α1, β1, 
α2, β2 and δ. Four of them control the shape of the two distributions, and the fifth is 
used to control the mass distribution. 

3.2.2 Pre-processing of the Image Data 
Before the maximum-likelihood estimation was performed some pre-processing of 
the image data had to be done. The ML-method requires that the image data is 
represented in two arrays, one containing the different intensity values and a second 
representing the number of values of each intensity. This is described in section 
3.2.6.  
 
A large number of voxels representing the background have an intensity of zero. 
This results in a very high column in the image volume histogram and therefore 
makes it more difficult for the ML-method to converge to a solution. In order to 
manage that problem, the two arrays were forced to begin at position two in the 
histogram instead. This excludes the high column with zero-values in the estimation 
process. 

3.2.3 Search Algorithm 
In a first stage Matlab’s search algorithm fminsearch was used. Later on it turned out 
that the fminsearch function did have several drawbacks and limitations. In situations 
where the two gamma distributions appeared distinctly, the fminsearch worked well. 
But when the two gamma distributions were merged into each other and it was hard 
to distinguish the exact shape of the separate distributions, fminsearch failed. The 
estimated values were totally incorrect when the search algorithm did not have any 
constraints that limited the search range. By introducing fmincon this problem was 
solved. With the capability of assigning constraints to the fmincon function, the search 
range was limited. The constraints were added using two vectors. The first vector 
assigned the lower bound for the gamma parameters, and the second vector assigned 
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the upper bound for the parameters. Since the volume renderer can only manage 
intensity values between 0 and 255, these values are used to assign the lower and 
upper bounds. The two vectors also include constraints regarding the mass 
distribution. This value must lie between 0 and 1. 

3.2.4 Maximum-Likelihood Function 
In order to use the search algorithm with the ML-method as function, initial values 
for the gamma parameters and the mass distribution, α1, β1, α2, β2 and δ were needed. 
The start values were used to give a rough description of the expected composite 
distribution. Without these values the search algorithm did not know where to begin 
the search. The start values were calculated through an equation system 3.2, using the 
expectation, E (equation 2.1) and the standard deviation, σ (equation 2.3).  
 

⎪⎩

⎪
⎨
⎧

=

=
2αβσ

αβE
   (3.2) 

 
Solving equation system 3.2 for α and β, lead to equation 3.3 and 3.4 respectively. 
 

2

2

σ
α E
=    (3.3) 

 

E

2σβ =    (3.4) 

 
The expectation and standard deviation in a composite gamma distribution are 
illustrated in figure 13. 
 

 
Figure 13. Expectation and Standard deviation in a composite gamma distribution. 

 
As mentioned in section 3.1.2, some of the volume datasets where rescaled to obtain 
an appropriate dynamic range. A classification was made with two different classes. 
The first class corresponded to volumes with its original dynamic range between 0 
and 255. The second one corresponded to volumes that had been rescaled. The 
purpose of the classification was to use different expressions depending on the class. 
The rescaled datasets always fill the whole range between 0 and 255, while the 
original dataset only fills the range to about two thirds. 
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The selection of initial E and σ values depended on which class and distribution the 
start values were calculated for. This is illustrated in figure 14. In order to select 
appropriate values, figure 13 was used as a starting point. This figure illustrates how 
to find the expectation and standard deviation from the volume histogram. A 
number of combinations were tested before the expressions in figure 14 were set. 
The choice of optimal E and σ values for the large distribution does not have to be as 
accurate as for the small distribution. This means that the E and σ values could vary 
to some extent, but still give the same final result. Since the large distribution 
contained about 95 percent of all values, the shape was very distinct and therefore 
easy to find for the search algorithm. In most of the cases, σ had a fixed value, since 
it did not differ much from dataset to dataset. The mass distribution, δ, does not 
depend on the value of E and σ. It is only a measurement of the distribution between 
the two gamma functions. Since the arteries constitute approximately five to ten 
percent of the total volume, a start value of 0.9 seemed to be valid for all the 
datasets. Varying this value between 0.85 and 0.95 does not change the final result. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
   

Distribution 1 
Class 1 
E1 = the maximum value of y 
σ= 10 
 
Class 2 
E1 = the maximum value of y + 10 
σ= 10 
 
Distribution 2 
Class 1 
E2 = the maximum value of x / 2 
σ2 = E2 / 4.5 
 
Class 2 
E2 = the maximum value of x / 3 
σ2 = 30 

 
Figure 14. The choice of initial E and σ values, where y denotes the number of values of 
each intensity and x denotes the different intensity values. 

 
After the five initial values had been set, the ML-estimation was performed. The 
density for x when sampling from a gamma distribution with the parameters α, β, was 
given by Г(x,α,β). Equation 3.5 illustrates the composite function. 
 

( ) ( ) ( ) ( )2211 ,,1,, βαδβαδ ii xxxXP Γ−+Γ⋅==  (3.5) 
 
If the parameters α1, β1, α2, β2, δ are unidentified, they must be estimated from the 
dataset. This is achieved by using the maximum-likelihood function. The estimators 
a1, b1, a2, b2 and d were chosen so that the likelihood function (equation 3.6) was 
maximized. 
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x is a vector consisting of n intensity values from the image volume dataset. The 
estimated parameters are given by a1, b1, a2, b2 and d. Since the ln –transformation is 
monotonous, it is possible to maximize expression 3.7 instead. 
 

( ) ( ) ( )( )∑ =
Γ⋅−+Γ⋅−

n

i ii baxdbaxd
1 2221 ,,1,,ln  (3.7) 

 
An advantage with choosing this goal function is that the numbers get a more 
convenient size. The final result was five new parameter values, maximizing this 
expression. 
 

 
 

Figure 15. The image volume histogram is presented to the left (a). The right image (b) 
displays the estimated curve (red) and the pre-defined curve (blue) of the histogram. 

 
Figure 15a illustrates the image volume histogram. The blue curve in figure 15b 
displays the pre-defined start values, α1, β1, α2, β2 and δ and the red curve displays the 
new estimated values, a1,b1, a2, b2 and d. It is essential that the estimated curve 
corresponds with the shape of the image volume histogram. Both the initial and 
estimated parameter values are displayed in the graphical user interface (chapter 4).  
 
In cases when the shape of the volume histogram does not resemble two composite 
gamma distributions, the ML-method may fail or give an incorrect estimation. 

3.2.5 Rescaling the Image Volume Histogram 
When performing calculations on a large dataset, the computation time is crucial. 
The ML-method performs a calculation on each value of the image dataset, where 
each volume consists of approximately 17 million values. This results in a 
computation time of several minutes for a single image slice. Some kind of rescaling 
was of immediate concern to reduce the number of calculations.  
 
The rescaling-method used in this section only performed calculation on every 
hundred values. Figure 16b illustrates the shape of the rescaled histogram.  
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Figure 16. Image volume histogram before rescaling to the left (a) and after rescaling to the 
right (b). 

 
This action reduced the number of calculations at the cost of deforming the 
histogram and loss of data. As seen in figure 16b, the volume histogram had a more 
jagged shape than before the rescaling, see figure 16a. The small distribution 
corresponding to the blood vessels lost much of its shape (data). This makes it more 
difficult for the ML-method to converge to a good estimated solution. To reduce the 
deformation error, other rescaling intervals were analyzed, for example calculating 
every fiftieth and tenth value. Unfortunately this did not improve the result 
noticeably. The estimation error was still too high even when the rescale was changed 
to every fiftieth value. When the rescale was set to every tenth value, the 
computation time became too extensive. Due to these problems the choice of rescale 
factor was difficult since the mass distribution of the image volume histogram varies 
from volume to volume. The result was furthermore not as good as when calculating 
on every single value. Since this method failed in giving a fast and reliable result, a 
new technique was implemented as described in part 3.2.6. 

3.2.6 Optimization 
By rewriting the mathematical expression for the ML-method, the number of 
calculations was reduced dramatically. The image volume has an intensity range of 0 
to 255, and a resolution up to 512x512x64 which results in 16,777,216 values. This 
means that each intensity has a large number of intensities with the same value. 
Therefore, instead of performing one calculation for every single value, only one 
calculation is made for each intensity between 0 and 255. The number of values with 
the specified intensity is then taken as exponent. The new mathematical expression 
(equation 3.8) requires two arrays, one with the intensity values (xi) and a second with 
the number of values for the corresponding intensities (ki). 
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Figure 17a illustrates the original ML-method where a calculation is made on every 
value in the image volume histogram. The result of the rewritten mathematical 
expression is shown in figure 17b and exemplifies that only 4 calculations are needed 
on the same histogram. The first square with number one in it represent the first 
intensity value and its column represent the pixels with intensity one.   
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Figure 17. The original ML-method to the left (a) and the new optimized ML-method to the 
right (b). A calculation is performed on every value in figure a, which results in 10 
calculations. With the new method applied, only 4 calculations are necessary, illustrated in 
figure b. 

 
As mention earlier the new ML-expression require two arrays instead of one. This is 
illustrated in figure 18. 
 

xi 
0 
0 
0 
1 
1 
- 
- 
- 

255 
255 

xi ki 
0 3 
1 6 
2 16 
3 17 
4 24 
- - 
- - 
- - 

254 9 
255 6 

 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 18. The original ML-method treats the image data as a long sequence, shown to the 
left (a). The new optimized method uses two arrays with intensity values and quantities, 
displayed to the right (b). 

 
By rewriting the mathematical expression for the ML-method the computation time 
was reduced from around one and a half hour to approximately two seconds, 
without losing any data or deforming the shape of the image histogram.  

3.3 Transfer Functions 
The generation of transfer functions is the key step in the volume rendering process. 
As mentioned in section 2.3.1, finding good transfer functions is known to be one of 
the most difficult problems in volume rendering. To overcome the problem of signal 
variations, a new way of standardizing the transfer function generation has been 
implemented in this thesis. Several experiments were conducted to get the 
appropriate expression for automatic generation of the transfer function. 

3.3.1 The Basic Idea 
The basic idea is to generate automatic transfer functions using extracted parameters 
from the estimated distributions (ML-method), described in section 3.2.4. The 
transfer function curve was used for mapping opacity and brightness to the voxel 
values in the volume. All this was controlled from a graphical user interface, as 
discussed in chapter 4. 
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3.3.2 Generation of Transfer Function 
All histograms examined in this study have the same basic shape, where the large 
distribution corresponds to background voxels and the small distribution 
corresponds to blood vessels with high signal intensity.  
 
In the standardization process the most important assumption was that none of the 
intensity histograms were the same, apart from the basic shape. That implied that the 
transfer function generation had to be robust and reliable. The transfer function was 
generated using values such as expectation and standard deviation, extracted from 
the estimated gamma distributions. Based on the expectation (E) and standard 
deviation (σ) of the two distributions, a ramp function (Figure 19) was defined. The 
ramp function was then used to map the different voxel values to specific opacity 
and brightness. Two breakpoints were used to determine the shape of the transfer 
function. The opacity was defined with a value of 0 up to a signal intensity of the first 
breakpoint, then increasing linearly up to 50 % to signal level of the second 
breakpoint. After that the opacity curve becomes level at 50 %. The brightness curve 
followed the opacity curve to the second breakpoint, where it continued to increase 
linearly up to 100%. This is illustrated in figure 19.  
 

 
 

Figure 19. Transfer function 
 
The outcome of the transfer function depends on the position of the two 
breakpoints. Different combinations of the expectation and standard deviation 
values were tested and studied in order to provide optimal breakpoints. This was 
conducted with assistance from a radiologist. The visual result of all the 
combinations for each volume was graded. This procedure provided a good outline 
of the best combination. The concluded result of these experiments is introduced in 
chapter 6. Table 1 displays all the combinations that were investigated.  
 

Method number Breakpoint 1 Breakpoint 2 
1 0 256 
2 E1 + σ1 E2 
3 E1 + σ1 / 2 E2 

4 E1 E2 
5 E1 + σ1 E2 – σ2 / 2 
6 E1 + σ1 E2 – σ2 

7 E1 E2 – σ2 / 2 
8 E1 E2 – σ2 

 
Table 1. Values of different breakpoints. 
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These specific expressions in Table 1 were chosen because of their suitable range. It 
turned out that a wider variation deteriorated the visual impression. 

3.3.3 Opacity 
Since the opacity determines the transparency of each voxel, objects in the 
background are visible right through objects that are closer in space. This means that 
the background voxels should have an opacity of zero, in order to only visualize the 
blood vessel. The difficult part was to not exclude too much of the high intensity 
values. This could result in loss of details in the image volume, which further on 
could lead to an incorrect diagnose of the patient. Many of the vessels are very thin, 
such as in the areas around a stenosis. In some cases it is better to include more 
intensity, although the background may appear clearer. Many of the volume 
histograms in this study had a distribution like the one in figure 16a, where it was 
rather difficult to distinguish the two separate distributions. It was impossible to tell 
which part of the histogram that corresponded to background and which part 
corresponded to the blood vessel. Voxel values from the vessel could also be 
represented in the background distribution and vice versa. There may be parts in the 
blood vessels that have lower intensity values. It is then better to include more voxels 
in the transfer function to prevent loss of details.   
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Figure 20. Images of the same part in the volume, but with different transfer functions 
applied. The image at the top (a) uses a default transfer function. The image in the middle (b) 
uses a transfer function generated by the ML-VRT method, where breakpoint 1 is given by 
E1 and breakpoint 2 is given by E2. The image at the bottom (c) uses a transfer function 
generated by the ML-VRT method, where breakpoint 1 is given by E1 and breakpoint 2 is 
given by E2-σ2. 

 
The three images in figure 20 are all the same but with different transfer functions 
applied. The image volume in figure 20a is displayed with a default transfer function, 
where the opacity and brightness curve is linear, according to figure 21. The result of 
using the Maximum-likelihood VRT (ML-VRT) method to extract E and σ values 
and generate the transfer function is displayed in figure 20b. The ML-VRT method is 
also used in figure 20c, but with a different combination of the expectation and 
standard deviation. The first breakpoint in figure 20c is the same as in figure b, but 
the second breakpoint is further to the left, which gives a higher slope and therefore 
includes more of the voxels. As shown in figure 20c, too much of the background 
distribution was included, resulting in the background appearing as noise and 
concealing some of the blood vessels.  
 

 
 

Figure 21. The default transfer function, a linear diagonal. 

3.3.4 Brightness  
The best visual result when mapping the brightness curve was accomplished when 
the brightness curve followed the opacity curve to the second breakpoint, but instead 
of leveling out after 50%, the curve continued to increase linearly up to 100%. If too 
much brightness was used the volume tended to be overexposed. This made the 
image volume look opaque, since most of the structure was white. Too little 
brightness made the image very dark. 
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4 Graphical User Interface 
 
 
 
The main purpose of a graphical user interface (GUI) is to make the whole 
visualization process easy to control and understand, i.e. user-friendly. It is important 
that the user does not have to be a technician, with programming skills and advanced 
mathematical knowledge, in order to understand how to use the application. To 
achieve this, the interface is created with three ambitions in mind: it should be easy 
to understand, a suitable degree of interaction should be permitted and the result 
should be delivered in an appropriate way.  
 
This chapter is divided into two parts. The first part gives a description of the 
interface design, and the second part discusses the ability of interacting with the 
interface. 
 
 

4.1 Basics 
There are many aspects to take into consideration when designing a GUI. It should 
be consistent, legible and aesthetically appealing. This can be achieved by carefully 
choosing what to display, the way of grouping and placing data, and by the choice of 
font and color.     
 
Everything that is relevant for the user should be displayed on the screen, but it is 
important that the amount of information is not too large, since that only confuses 
the user. This is a common problem that can be solved by hiding information that is 
not of interest at a given moment.  
 
The graphical user interface was created in Matlab’s built-in editor, GUIDE. This 
gives a natural connection between the interface and the different functions used in 
the work.  
 
The interface is divided into six different areas (Figure 22), where parts with similar 
functions are grouped together. The idea behind dividing the interface is to make it 
more legible. The next section will motivate and discuss the six different areas as well 
as the interaction capabilities. 
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CHAPTER 4 
 

 
 

Figure 22. Graphical User Interface 

4.2 User Interaction 
With the design considerations in mind, the six different areas in figure 22 are 
motivated and discussed below. The different areas in the GUI are created to make it 
easier for the user to follow and understand the interface. 
 
1. Pick a volume 
In this part the user can either choose a predefined volume or pick a new volume 
from e.g. a CD-ROM. To make this choice more clear, the section is divided into 
two sub areas. When loading a new volume, the first step is to define which MRI 
scanner has been used during the examination, since different cameras provide 
different filenames. The two scanners at the University Hospital in Linköping are 
listed. When working with images from a scanner not supported in the list, the 
filename must be entered manually. The remaining step in the volume definition 
process is to add the path to the volume.        
 
2. Number of slices 
This part gives the user the ability to choose the total number of slices in the desired 
volume. When loading one of the predefined volumes from the list, the value of the 
first slice and the number of slices are set automatically. In the case of loading a new 
volume these numbers must be entered manually.  
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GRAPHICAL USER INTERFACE 
 

The volume is loaded into the program and the calculations described in section 3.1 
and 3.2 are performed when the run button is pressed. 
 
3. Estimation 
The estimation area displays the result of the calculations performed after the run 
button has been pressed in the previous part. Since the calculations are extensive, it is 
not possible for the user to interact and affect them.  
 
The mean value and standard deviation is displayed for the composite gamma 
distributions, together with the mass distribution. Both the initial parameter values 
and the estimated values are monitored. 
 
4. Transfer Function 
The result from the calculations displayed in part 3 is used for the automatically 
generated transfer function. Section 3.3 explains how the transfer function is used 
and calculated. There is also a possibility for the user to interact manually with the 
transfer function. This can be done without using the automatic function as a first 
stage. Changing the values of the breakpoints changes the transfer function position 
in the x-direction. 
 
All changes of the transfer function affect the volume in the volume renderer in real 
time. The transfer function plot is also displayed together with the volume histogram 
in the GUI.   

 
5. Resetting the GUI 
It is possible for the user to reset the entire interface by pressing the reset button. 
This action also resets the transfer function in the volume renderer, which gives the 
image volume its original appearance.  
  
6. Histogram and Transfer Function View 
The image volume histogram and transfer function is displayed in this window. 
When a transfer function is utilized, it is plotted over the volume histogram. In this 
way, it is possible to see which intensity values (voxels) are included. The transfer 
function plot is updated in real time when the values are changed in section 4 and 5. 
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5 Clinical Evaluation 
 
 
 
This part discusses the evaluation methods and how the received values are treated. 
The procedures have been discussed in section 3.3.2 and 3.3.3.  
 
In order to provide a good way of defining the breakpoints for the transfer 
functions, different combinations of the expectation and standard deviation have 
been explored. This was conducted in association with a radiologist at Linköping 
University Hospital. All the eleven volumes have been investigated with eight 
different approaches for the transfer function. The choice of these combinations is 
based on the knowledge of an image volume histogram, like which parts of the 
histogram that should be included in the visualization, and what the expectation (E) 
and standard deviation (σ) correspond to in the histogram. The small distribution in 
the histogram corresponds to blood vessels. It constitutes approximately 5% of the 
total volume and is to be included in the visualization. With this in mind, a rough 
estimation can be made for where the breakpoints should be placed, using the E and 
σ values. The visual result of all the eight combinations for each volume was graded, 
see chapter 6 for a summarized view and appendix C for detailed information. The 
grades were in the range from 1 (worst) to 5 (best) and were based on how clear the 
blood vessels appeared and how well details were preserved, as well as the absence of 
obviously misleading information (like occlusion instead of stenosis). 
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6 Results 
 
 
 
This study has resulted in a program that performs a standardization of image 
volume histograms, limited to patients with suspected renal artery stenosis. The 
program is developed as a module to Andreas Sigfridsson’s volume renderer [14]. A 
graphical user interface was also developed to further improve the usability. 
 
The visual grades obtained in the 11 datasets are summarized in Table 2. As can be 
seen in the table, all methods using information from the estimated histogram give 
better results than the default method (number 1). The best results were obtained 
with method number 4, for which the first breakpoint is equal to E1 and the second 
breakpoint is equal to E2. A transfer function generated with these breakpoints 
provides a visual result for the eleven volumes that has the highest mean value, with 
a grade of 3.18, and a first quartile of 2.5, which means that 75 % of the cases reach a 
grade of at least 3. Only one of the 11 volumes had a grade below that of the default 
transfer function. In all the other cases except two, the result was better.  
 
Method 
number 

Breakpoint 
1 

Breakpoint 
2 

Mean grade Standard 
deviation 

Quartile 
range 

1 0 256 2.36 0.81 2-3 
2 E1+σ1 E2 2.45 1.13 2-3.5 
3 E1+σ1/2 E2 2.82 1.47 2-4 
4 E1 E2 3.18 1.25 2.5-4 
5 E1+σ1 E2-σ2/2 2.73 1.27 2-3.5 
6 E1+σ1 E2-σ2 2.73 1.01 2-3.5 
7 E1 E2-σ2/2 2.82 1.08 2-3 
8 E1 E2-σ2 2.73 1.19 2-4 

 
Table 2. Evaluation of the result when using different breakpoints. The default transfer 
function is given in method number one, see figure 21. 

 
The graphical user interface gives the user the ability to select which volume to 
examine, apply the transfer function, and load the volume with its defined properties 
into the volume renderer. Apart from the ability to generate a transfer function with 
the ML-VRT method, the GUI also offers the user to manipulate the transfer 
function manually. All changes are transferred to the volume renderer.  
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Four images are showed below (Figure 23 and 24) to illustrate the result of using the 
ML-VRT method. Figure 23 displays two different image volumes where a transfer 
function with default values where applied to both. 
 

 
 

 
 

Figure 23. Two different image volumes, using a default transfer function 
 
Figure 24 shows the same images as in figure 23, but in this case the transfer function 
is generated with the ML-VRT method, with the optimal breakpoints according to 
the result in Table 2, i.e., breakpoint 1 is given by E1 and breakpoint 2 is given by E2.  
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Figure 24. The same image volumes as in figure 23, using a transfer function generated by 
the ML-VRT method. The optimal breakpoints are used, according to method 4 in table 2. 

 
Figure 25 displays the difference when using two of the methods evaluated in Table 
1 and 2, and the importance of choosing appropriate breakpoints. Even minor 
changes of the breakpoints could result in a great lost of details, which are illustrated 
in figure 25b. 
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Figure 25. Image volume standardized with two different methods. The upper image (a) is 
using a default transfer function. The lower left image (b) is using a transfer function 
standardized according to method 2 in table 1. The lower right image (c) is standardized 
according to method 4 (used as the final values for the ML-VRT method).  
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7 Discussion 
 
 
 
The main purpose of this thesis work was to implement a technique for automatic 
generation of transfer functions, by modeling the image volume histogram. How this 
is achieved and which factors that have affected the development will be discussed in 
this chapter, as well as ideas of further improvements and future work. 
 
The percentile method for automatic standardization [2] was used as a starting point 
of this work, which uses a somewhat more elaborate statistical approach. The choice 
of statistical method was made with assistance from a statistician and a radiologist. 
The selection of the most appropriate breakpoints depended on the result of the 
clinical evaluation. 
 
The ML-VRT method works well even for distributions that do not have the exact 
shape of two gamma distributions. This property is important since many of the 
volume histograms differ from the exact shape. However, if the shape of the 
distributions varies too much, the estimation may fail or give an incorrect result. 
These problems also make it difficult to choose appropriate starting points for the 
estimation process. Some of the starting points have fixed values, which works fine 
for the volumes in this study. In a future research this process might need to be more 
dynamic, where these values are calculated from case to case. 
 
It is important to evaluate the advantages and disadvantages of the methods used in 
this study, by testing the method with clinical image data. Such testing may lead to 
more ideas of future improvements. One idea is to apply the ML-VRT method to 
other types of image data, not only studies of patients with suspected renal artery 
stenosis. With the possibility of exploring other areas the number of users could be 
much broader. To achieve this the standardization method must be able to handle a 
much wider range of different histograms. The percentile method seems to work 
well, but is developed on the assumption that about 5 % of the volume consists of 
blood vessels, which is not always correct. The ML-VRT method manages this 
problem, but could be deceived if there are more than two classes of voxels, e.g., 
vessels, well perfused tissue and tissue not affected by the contrast medium. It 
remains to be seen if more sophisticated statistical modulations can give better 
results. 
 
The graphical user interface was created to facilitate the way of using the transfer 
functions. This part was distinguished from the beginning as partly optional, with the  
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only requirement of developing an interface for adjusting the transfer function. 
During the work it turned out that a GUI was necessary to make the whole process 
easy to control. It ended with a fully integrated GUI, with functions to load arbitrary 
volumes, export image data to the volume renderer and to manipulate the transfer 
functions within the GUI. One major advantage is that the user does not need to 
have a mathematical or technical background. An idea of further development is to 
make it possible to change the transfer function by editing the curve directly in the 
GUI. 
 
More time than expected was spent on technical issues, like creating a method to 
read the image volumes, and to convert all data to a suitable form. The mathematical 
expression also needed to be modified in order to work properly with the large 
datasets. These issues resulted in less time on other areas, such as performing a more 
extensive clinical evaluation. The choice of appropriate break points may have been 
different if several independent radiologists had examined the medical data instead of 
just one, since each radiologist may comprehend the image data in different ways.  
 
The program code and GUI developed in this project are specified for Matlab and 
Andreas Sigfridsson’s volume renderer [14]. The development has been carried out 
using a SGI Onyx 2 InfiniteReality machine for the visualization, and a SunFire 6800 
server for the mathematical calculations. An idea of further development is to build 
the application without using Matlab, e.g., in C++. Since certain methods and 
functions are known to be slow in Matlab, coding directly in C++ might improve the 
computation time. This aspect is always in an immediate concern when working with 
large data volumes. A number of enhancements have been done within Matlab to 
decrease the calculation time, such as rewriting some of the mathematical 
expressions. An advantage with using Matlab is that the program can be used on 
different platforms without making any changes in the code. 
 
The aims of this project were fulfilled, and the resulting method accomplished a great 
improvement from the way that the transfer function was generated in the percentile 
method [2]. The result when using the ML-VRT method was over all good, 
compared to using a transfer function not adapting to signal intensity variations. 
When used with the GUI it results in a faster way to examine image data volumes for 
medical users. 
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Appendix A (Glossary) 
 
 
 
Breakpoints. Used to determine the shape of transfer functions. 
 
DICOM (Digital Imaging and Communications in Medicine). A medical image 
file format that contains both image data and a header.  
 
Expectation. A statistical measure defining the central point of a distribution. 
 
Gadolinium. A paramagnetic contrast medium used in MRI examinations. 
 
Gamma distribution. A two-parametric distribution that has a non-symmetrical 
density function. 
 
GUI (Graphical User Interface). Used to make the visualization process easy to 
control and understand.  
 
Intensity Histogram. Represents the different intensity values and the number of 
voxels with each intensity.  
 
HU (Hounsfield Units). The unit for attenuation of X-rays used in computed 
tomography. 
 
Mass distribution. A measure of the relationship between two components in a 
composite distribution.  
 
Maximum-Likelihood Estimation. An estimation technique used in mathematical 
statistics.  
 
ML-VRT (Maximum-Likelihood Volume Rendering Technique). A volume 
rendering technique based on parameters extracted from a composite statistical 
distribution, estimated with a maximum-likelihood method.  
 
MRA (Magnetic Resonance Angiography). The imaging of flowing blood in 
vessels using MRI. 
 
Normal distribution. A two-parametric distribution that has a symmetrical density 
function. 
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PACS (Picture Archiving and Communication System). A database for storage 
and handling of diagnostic image data. 
 
Standard deviation. A statistical measure defining how scattered or concentrated 
the distribution is around the expectation. 
 
Stochastic variable. A real-valued number, defined on a sample space. 
 
Texel. Texture element. Used in texture mapping. 
 
Texture mapping. A rendering technique to add detail to objects without requiring 
extensive geometric modeling. 
 
Transfer function. A function defining the translation of voxel values into optical 
properties in the volume rendering process. Assigns opacity, brightness and color to 
each voxel in the dataset. 
 
Variance. A statistical measure defining how scattered or concentrated the 
distribution is around the expectation. 
 
VRT (Volume Rendering Technique). An algorithm to directly visualize volume 
data. 
 
Voxel. Volume element. Element of a 3D digital image. 
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Appendix B (Manual) 
 
 
 

Requirements 
The requirement for running the application is a platform that can handle Andreas 
Sigfridsson’s volume renderer and Matlab. Equipment used for the visualization and 
calculations in this thesis is a SGI Onyx2 equipped with an InfiniteReality graphics 
pipe and a SunFire 6800 server.  

How to run the program 
Following files must be included in the same Matlab directory, gui_vol5.m, 
dicom_vol_gui.m, lnlhood_final.m, tathet_final.m, lnlhood.m, tathet.m, transf.m and 
PutVolume.m. 
 
The whole program is monitored and controlled from the graphical user interface 
(GUI) and is started by typing “gui_vol5” in the Matlab command window. This is 
the main file (a script), from where all actions are accomplished. All the other files 
are accessed automatically from gui_vol5, depending on which function that has 
been called. The different scripts are described briefly below: 
 
gui_vol5 
The graphical user interface is created in this script. All connections between the 
GUI and the other scripts are handled from gui_vol5.   
 
dicom_vol_gui 
This is the heart of the program. The image slices are loaded and the volume is 
reconstructed. All the statistical calculations are performed within this program. 
 
lnlhood_final/lnlhood 
This script is a part of the Maximum likelihood estimation and is accessed from the 
Dicom_vol_final script. 
   
tathet_final/tathet 
This script is a part of the Maximum likelihood estimation and is accessed from the 
lnlhood_final/lnlhood script. tathet_final/tathet is for plotting the pre-defined and 
estimated curve. 
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transf 
The transf script applies and changes the transfer function of the application.  
 
PutVolume 
This script exports the volume dataset to the volume renderer. 
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Appendix C (Clinical Evaluation) 
 
 
 
The two following tables display the detailed result of the clinical evaluation 
discussed in chapter 5 and 6.  
 

 No transfer 
function 

Bp 1 = E1 + σ1 
Bp 2 = E2 

Bp 1 = E1 + σ1/2 
Bp 2 = E2 

Bp 1 = E1 

Bp 2 = E2 
Volume 1 2 2 2 3 
Volume 2 1 1 1 2 
Volume 3 2 4 5 5 
Volume 4 2 2 3 3 
Volume 5 3 3 4 4 
Volume 6 4 4 5 5 
Volume 7 2 2 2 3 
Volume 8 3 4 4 4 
Volume 9 2 2 2 2 
Volume 10 2 1 1 1 
Volume 11 3 2 2 3 

     
Sum 26 27 31 35 
Mean value 2,36 2,45 2,82 3,18 
First quartile 2 2 2 2,5 
Median 2 2 2 3 
Third quartile 3 3,5 4 4 
Standard 
deviation 

0,81 1,13 1,47 1,25 

Variance 0,65 1,27 2,16 1,56 
Minimum 1 1 1 1 
Maximum 4 4 5 5 
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 Bp 1 = E1 + σ1 
Bp 2 = E2 – σ2 /2 

Bp 1 = E1 + σ1 
Bp 2 = E2 – σ2 

Bp 1 = E1  
Bp 2 = E2 – σ2 /2 

Bp 1 = E1  
Bp 2 = E2 – σ2  

Volume 1 3 4 3 4 
Volume 2 1 2 2 2 
Volume 3 4 3 4 2 
Volume 4 2 2 1 1 
Volume 5 2 2 2 1 
Volume 6 5 4 5 4 
Volume 7 2 3 3 3 
Volume 8 4 2 3 2 
Volume 9 3 4 3 4 
Volume 10 1 1 2 3 
Volume 11 3 3 3 4 
     
Sum 30 30 31 30 
Mean value 2,73 2,73 2,82 2,73 
First 
quartile 

2 2 2 2 

Median 3 3 3 3 
Third 
quartile 

3,5 3,5 3 4 

Standard 
deviation 

1,27 1,01 1,08 1,19 

Variance 1,62 1,02 1,16 1,42 
Minimum 1 1 1 1 
Maximum 5 4 5 4 
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